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Abstract
Improving the walkability of built environments to promote healthy lifestyles is increasingly considered in
urban development plans. This thesis investigated if walkability in Sydney, Australia, was associated with
physical activity, high body mass and psychosocial distress when measured at the aggregate postal area
level, and whether walkability contributed to geographic variation in health outcomes at this scale.
Walkability indexes using residential density, intersection density, land use mix, with and without retail floor
area ratio were calculated at the Census Collection District level for Sydney and compared for reliability,
latent variable structure, and predictive validity for utilitarian walking using travel to work data from the 2006
Australian Census. An abridged index without retail floor area ratio retained 87% of the variability in a
full index including retail floor area ratio and predicted increases in odds of utilitarian walking to work with
increasing walkability.
The abridged index was aggregated to postal areas to match the spatial unit of health data from Sydney
respondents to the 45 and Up Study baseline questionnaire (2006–2010). Cross-sectional associations be-
tween walkability and prevalence of health-enhancing physical activity (including walking), high body mass,
and psychosocial distress at the postal area level were investigated using Bayesian spatial regressions ad-
justed for individual-level factors. Prevalence of health-enhancing walking and total physical activity were
higher in high walkability postal areas, while prevalence of overweight and obesity were lower in medium-
high and high walkability postal areas. Psychosocial distress was not associated with walkability at the
postal area level.
This thesis demonstrated the utility of spatial analysis for walkability research and planning, and illustrates
how walkability indexes can inform population-level action aimed at increasing physical activity and reducing
high body mass.
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CHAPTER 1
Introduction
Walkability describes the capacity of the built environment to promote or hinder walking for multiple pur-
poses including active transport, leisure and exercise [1]. In this context, the built environment is that “part
of the physical environment...constructed by human activity” [2, p.S550], and comprises transportation sys-
tems (links between origins and destinations), land development patterns (arrangement and mixing of land
uses) and urban design features (e.g. footpath availability and street connectivity)[3]. Originally arising out
of the planning and transportation literature, walkability is typically defined in terms of the built environment
dimensions of density, diversity and design [4]. Walkable environments are compact, reducing the distances
between origins and destinations, and maximising the co-location of land for residential, commercial, edu-
cational and recreational uses [2, 5–7]. Central to the evidence base that has evolved over the last 15–20
years linking walkability to a range of priority public health outcomes has been the parallel development
and utilisation of objective measures of walkability. These operationalise and combine built environment
variables within geographic information systems (GIS) to derive composite indexes that characterise the
walking typology of areas. Creating walkable environments that support healthy lifestyles and reduce the
burden of chronic diseases on populations is increasingly a focus for health, urban design and transporta-
tion planning [7]. Objective walkability indexes have been identified as potentially useful tools in this regard
for benchmarking, targeting and monitoring these activities [1, 7–12], and for moving walkability research
from rhetoric to action [7]. However, two assumptions that underpin the use of walkability indexes for these
purposes require further investigation.
First, incorporating walkability into policy, planning and practice to address population health assumes an
exposure-response relationship at the levels these decisions are made. Objective indexes have been in-
strumental in establishing the built environment evidence base by defining walkability at increasingly finer
resolutions around individuals and promoting high-resolution individual-level research. However, this has
contributed to an evidence base that is derived at spatial scales smaller than those used for population
health policy, planning and intervention, which typically occur at local [13], urban [14] and regional [15]
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scales. This has raised concerns in the literature about the potential for flawed public health action arising
from using evidence on individuals to make inferences about populations [16, 17]. This is the area-level
corollary of the ecological fallacy [18] that has variously been termed atomistic [19] and individualistic fal-
lacy [20]. All are examples of the same general validity problem that arises when data at one level are used
to make inferences at another [21]. Analysis at the geographic scale of planning addresses concerns about
potentially biased cross-level inference [22] and are highly relevant because they provide evidence at the
level where decisions are made and implemented [13]. However, these ecological studies are rare in the
walkability literature.
Second, utilising indexes to benchmark, target and monitor activities implies walkability contributes to vari-
ation in the geographic distribution of population health needs. This is a concern about the extent to which
spatial variation in health needs exists beyond that due to known demographic, social and economic fac-
tors at the planning scale [23–26], and whether it is related to the geographic distribution of walkability.
That is, does walkability account for residual risk in the spatial patterning of population health needs that
can be used to inform policy, planning and practice? In this context, geographic variation encompasses
more than just differences between (and within) areas, it also reflects the spatial expression or distribution
of this variation [27]. Understanding geographic variation in health outcomes and its relationship to place-
based influences on health is essential for framing public policy and action that addresses population health
needs by efficiently distributing resources [23, 26, 28] and addressing environmental inequalities [29, 30].
Numerous walkability reviews have recommended the analysis of this variation within a spatial context for
both content and methodological reasons [e.g. 31–33]. However, spatial analyses of the relations between
walkability and health needs are not common in the literature, despite their relevance for local, urban and
regional planning.
1.1. Thesis Aims and Research Questions
This thesis presents methodological research on how objectively measured walkability is associated with
health behaviours and outcomes and their geographical distributions at a spatial resolution representative of
those used for health, urban design and transport planning [13–15]. The work is motivated by observations
about the potential utility of walkability indexes to inform planning and policy at these scales [1, 7–11, 34, 35],
and limited research addressing walkability within a geospatial context. It utilises an existing measure of
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walkability in Sydney—the Sydney Walkability Index (SWI) [36], which is based on an established index from
the literature [1, 12, 37] that has been adapted for use in other Australian cities, including Adelaide [1], Perth
[38] and Melbourne [7]; is derived using authoritative spatial data from jurisdictional planning, transportation
and utility entities; underpins a large international evidence base linking walkability to health outcomes
[39–43]; can be constructed at multiple spatial scales [1, 12]; and is temporally aligned with outcome and
covariate data used in this thesis. Three motivating public health issues are considered: health-enhancing
physical activity, high body mass (overweight and obesity), and psychosocial distress (mental health), which
were chosen for the varying strengths of the evidence base linking them to walkability. The thesis makes
an important contribution to the walkability literature through its explicitly population (ecological) focus and
use of innovative geostatistical analyses that allow the identification of spatially structured “place” effects on
health over and above those attributable to person-level factors. This thesis aimed to:
1. Evaluate if an existing measure of walkability, the Sydney Walkability Index [36], was:
i. a valid and reliable measure of walkability, and
ii. comparable to the widely used PLACE-NQLS walkability index jointly developed for the Physical
Activity in Localities and Community Environments (PLACE) Study [1] and the Neighborhood Quality
of Life Study (NQLS) [12];
2. Quantify associations between area-level walkability and population prevalence of health-enhancing
physical activity, high body mass, and psychosocial distress in Sydney using the SWI; and
3. Quantify the contribution of area-level walkability to geographic variation in prevalence of health-enhancing
physical activity, high body mass, and psychosocial distress in Sydney using the SWI.
To achieve these aims, the thesis sought to answer the following research questions:
1. Is the SWI a valid and reliable measure of walkability in Sydney, and comparable to a PLACE-NQLS
walkability index?
2. Are levels of health-enhancing physical activity clustered in Sydney, and to what extent is this associated
with area-level walkability measured using the SWI?
3. Are overweight and obesity clustered in Sydney, and to what extent is this associated with area-level
walkability measured using the SWI?
4. Is psychosocial distress clustered in Sydney, and to what extent is this associated with area-level walka-
bility measured using the SWI?
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1.2. Thesis Structure
Chapter 1 provided a brief introduction to walkability; walkability indexes and the assumptions relevant to
their use for population-level planning; and concluded by outlining the aims and research questions ad-
dressed in this thesis.
Chapter 2 further explores the concept of ‘walkability; reviews its measurement and relationships with health
behaviours and outcomes; addressed the potential of walkability indexes to inform health, transport and
urban planning aimed at creating environments that are “liveable” and promote healthy lifestyles; and dis-
cusses the potential for spatial analysis to inform walkability research and planning.
Chapter 3 provides additional detail on the data sources and statistical methods used for the spatial analy-
ses of physical activity (chapter 5), high body mass (chapter 6), and psychosocial distress (chapter 7) that
were not included in the publications comprising the subsequent chapters.
Chapter 4 was published in the International Journal of Health Geographics [44]. It examined the mea-
surement properties and comparability of two versions of the SWI: (1) a full, four-attribute index for the City
of Sydney local government area that included residential density, network connectivity, land use mix, and
retail floor area ratio; and (2) an abridged, three-attribute index for City of Sydney and the larger Sydney
metropolitan region that did not include retail floor area ratio. Comparisons of the measurement properties
for both City of Sydney indexes are reported, including internal consistency, principal component structures,
convergent (classification) validity, and predictive validity using reported prevalence of walking to work at
the 2006 Australian Census as the criterion. Measurement properties for the Sydney metropolitan region
three-attribute index were reported, along with the geographic distribution of walkability in this area.
Chapter 5 was published in Population Health Metrics [22]. It examined associations between area-level
walkability and population prevalence of health-enhancing physical activity, and the extent to which walk-
ability contributed to geographic variation in these outcomes. This chapter used the geospatial methods
described in chapter 3 and data on Sydney respondents to the 45 and Up Study [45]. Physical activity was
chosen as the lead spatial investigation because of its domain specificity, and the strength of the evidence
base linking walkability and moderate-intensity physical activity, especially walking.
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Chapter 6 was published in the International Journal of Environmental Research and Public Health [46]. It
examined associations between area-level walkability and population prevalence of overweight and obesity,
and the extent to which walkability contributed to the geographic variation in these outcomes. This chapter
also uses the spatial methods described in chapter 3 and data on Sydney respondents to the 45 and Up
Study [45]. High body mass was examined because it is a public health priority, and there is some evidence
in the research literature that it is associated with macro-level indicators of walkability, such as sprawl and
car dependence—possibly via a mediated path involving physical activity.
Chapter 7 was published in the International Journal of Environmental Research and Public Health [47].
It examined associations between area-level walkability and psychosocial distress, and the extent to which
walkability contributed to geographic variation in this outcome. This was also a spatial analysis using the
geospatial methods described in chapter 3 using data for Sydney respondents to the 45 and Up Study
[45]. Psychosocial distress was investigated because walkability has been proposed as a potential focus for
community-level mental health planning, although the evidence base for an association between walkability
and mental health is relatively modest.
Chapter 8 summarised the findings from chapters 4–7 with respect to the thesis aims and integrated them
into the existing literature. It described the strengths and limitations of the studies presented in this thesis;
made recommendations for future research; and drew final conclusions.
Appendix A contains statistics on the age distributions of Sydney respondents to the 45 and Up Study
baseline questionnaire tabulated by 2006 Census postal area, and was included to provide disaggregated
information for the spatial unit summary reported in table 3.1 of chapter 3.
Appendix B contains a supplementary analysis investigating the sensitivity of high body mass results re-
ported in chapter 6 to adjustment for individual-level participation in total moderate and vigorous physical
activity. This was initially included to assess concerns raised in the systematic review literature that associ-
ations between walkability and high body mass may be attenuated due to inappropriate control for physical
activity in primary analyses. The null findings arising from this analysis were ultimately removed from the
submitted manuscript that constitutes chapter 6 to improve its focus.
Appendix C contains published versions of the papers that constitute chapters 4 (appendix C1), 5 (appendix
C2), 6 (appendix C3) and 7 (appendix C4).
5
1. INTRODUCTION
Appendix D contains other outputs related to this thesis including published articles (appendix D1, peer-
reviewed conference publications (appendix D2) and media coverage (appendix D4).
The publications that comprise chapters 4–7 have been formatted in manuscript style to maintain a consis-
tent style throughout the thesis. Each of these chapters begin with an unpublished preamble and publication
details sections that link them with preceding chapters, and provide bibliographic and author contribution in-
formation. All publications included in this thesis are open access articles distributed under the terms of
Creative Commons Attribution License (http://creativecommons.org/licenses/by/2.0).
This thesis was typeset using the LATEX usydthesis class authored by Professor Andrew Mathas [48]. It
is referenced according to the National Library of Medicine’s (NLM) International Committee of Medical
Journal Editors (ICMJE) Recommendations for the Conduct, Reporting, Editing and Publication of Scholarly
Work in Medical Journals [49] as defined in Citing Medicine: the NLM Style Guide for Authors, Editors, and
Publishers, 2nd edition [50] using the LATEXVancouver package [51].
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Literature Review
This chapter reviewed the literature on walkability including its context within public health research; methods
of objective measurement; relations with health behaviours and outcomes; and relevance to population-level
policy, planning and practice. The intent was to demonstrate that while the existing evidence supports a role
for using objective walkability indexes to inform planning aimed at addressing population health needs,
important assumptions relating to cross-level inference and the contribution of walkability to spatial variation
in outcomes needs require further empirical investigation.
2.1. Walkability
Walkability describes the attributes of the built environment that facilitate or hinder walking for multiple pur-
poses including transport, leisure and recreation, and exercise [1]. It reflects both the potential of an environ-
ment to be walkable and pedestrian accessibility to destinations within that environment [52]. This succinct
definition belies the complexity of walkability as a concept, which is “an end and a means, as well as a mea-
sure” [53, p.4]. Forsyth has identified three groups of definitions employed in the literature structured around
means, outcomes and proxies [54]. The first group addresses the means of creating walkable communities,
and defined walkability in terms of its environmental dimensions. The second group concerns the perceived
outcomes of walkable environments in terms of creating lively and active spaces with sustainable transport
that induce physical activity [54]. The final group describes walkability as a proxy for good or holistic design,
and takes a multidimensional view that incorporates both means and outcomes within measurable compos-
ite indicators [54]. The conceptualisation of walkability used in this thesis and encapsulated in the definition
above cuts across all these themes but in a coherent manner. It is concerned with associations between
population health needs (outcomes) and walkability measured as an index (proxy) using established built
environment attributes (means).
Public health interest in walkability arose in the late 1990s out of an emerging focus on the potential for
environmental and policy interventions to increase population-level participation in physical activity [8, 10].
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This was followed by a number of empirical studies, reviews and commentaries that established environ-
mental factors, and walkability in particular, as a priority research area for physical activity and related public
health issues [5, 10, 55–58]. This emerging field was strongly influenced by the New Urbanism and Smart
Growth movements that sought to address issues of air quality, traffic congestion and quality of life arising
from urban and transport planning and policy approaches that had resulted in an increased dependence
on motorised transport [55, 59, 60]. Papers by Humpel et al. [57] in 2002, and Saelens et al. [5] and
Pikora et al. [58] in 2003 were influential on the walkability evidence base that would emerge over the next
two decades. These publications drew together previously disparate evidence bases across transportation,
urban design, planning and public health fields, and provided a common nomenclature and road map for
interdisciplinary research on empirical and theoretical contributions of environmental factors to physical ac-
tivity within populations [61]. All three studies considered the importance of behaviour in context; that is,
environmental factors will be differentially important depending on whether the purpose of walking is for
transport and errands (utilitarian) or leisure, recreation and exercise (non-utilitarian) [57].
Saelens et al. observed that utilitarian walking was greater in highly walkable neighbourhoods, which were
principally characterised by higher population density, street network connectivity and land use mix, but
also walking design (e.g. continuous footpaths) [5]. These utilitarian trips were identified as having the
potential to increase individuals’ physical activity by 15–30 minutes per week, possibly sufficient to offset
yearly United States (US) adult weight gain [5]. The small environmental effects at the individual-level were
expected to produce large shifts in population health because exposure to the environment is ubiquitous
and longer lasting than for cognitive and behavioural interventions targeting at-risk individuals [5, 62]. Pikora
and colleagues additionally identified the importance of destinations, personal safety and attractiveness for
walking, which led to the development of a framework that forecast the importance of specific environmental
elements and items for differentiating walking for transport and recreation [58]. Each group of researchers
also clearly articulated the need for this area of research to be informed by psychosocial, ecological and
social models of behaviour [5, 57, 58]. However, a lack of objective measures of environmental attributes
releveant to physical activity in general [57], and walkability in particular [5], were identified as an important
limitation, and essential to facilitating further research and translating its outcomes into planning, policy and
practice [5]. Indexes that combined walkability components into composite measures were also considered
necessary to deal with the high level of relatedness between density, design and diversity measures [5, 33,
63, 64].
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Linkage of utilitarian walking to walkable environments and its potential for large population effects through
incidental increases in individual-level behaviour profoundly influenced the public health research agenda on
environmental contributions to physical activity [61]. It also coincided with a shift in emphasis from promoting
vigorous-intensity physical activity for health to more moderate-intensity activities such as walking [10].
Moderate-intensity physical activity has become central to public health strategies for promoting population-
level physical activity [65–68], although participating in higher levels of total moderate and vigorous physical
activity (MVPA) may still be required to address certain health outcomes, such as prevention of weight
gain and some cancers [69, 70]. Reviews of the largely cross-sectional evidence base that subsequently
emerged have consistently demonstrated that walkable environments were associated with increased levels
of physical activity [2, 6, 11, 35, 71–91], even after controlling for neighbourhood self-selection [81, 92]. More
recent meta-analytic evidence provides strong evidence for prospective relationships between walkability
and obesity, type 2 diabetes and hypertension [93]. These reviews confirm the behavioural specificity of
walkability, which is more strongly associated with active transportation than walking for leisure or MVPA
[81, 90, 94]. There is clear evidence of differences in the nature of these relationships between children,
adolescents, adults and older adults [82, 85, 90, 95]. For example, Colley et al. have recently reported that
neighbourhood walkability is positively associated with accelerator-measured physical activity in adolescents
and adults but not children, and accelerator-measured daily step counts in middle-aged adults only; and is
negatively associated with accelerator-measured light physical activity in adolescents and older adults, and
unorganised physical activity in older but not younger children [96].
The development and utilisation of objective walkability indexes has been important in the establishment of
the walkability evidence base. Walkability is increasingly being considered in city-wide development plans
[e.g. 97–101]. For example, the Greater Sydney Region Plan through its liveability objectives seeks to
create healthy, resilient and socially connected communities by planning, designing and delivering walkable
environments [100] that support related plans that aim to reduce population rates of high body mass by
5% per annum [102]. Walkability indexes have been identified as useful tools for informing urban design,
transportation and health policy; targeting infrastructure investments; and benchmarking and evaluating
environmental interventions to address population health needs [1, 7–11, 35]. However, key considerations
in utilising them for this purpose is the extent to which walkability indexes are associated with health needs
at these scales, and whether walkability contributes to geographic variation in health needs at these larger
geographic scales. These are considered in the following sections, which review walkability indexes and
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their relations to three priority public health issues: physical activity, high body mass, and psychosocial
distress. In these sections and the remainder of the thesis, the term “scale” has been used in the context of
the spatial extent of a process, phenomenon or investigation [103]. This is consistent with the spatial data
analysis perspective of scale but contrary to that used in cartography, which refers to the scale of a map
and runs counter to the size of its ratio [104]. The research presented in this thesis focused on the spatial
epidemiology of walkability, so a definition of scale that relates to spatial extent was most appropriate [104].
As such, fine (micro) scale was used to indicate small spatial extents, and coarse (macro) scale to indicate
large spatial extents.
2.2. Walkability Measurement
Methods of assessing the built environment can be classified into perceived (self-reported) and objective
measures [33]. Perceived measures are largely derived from survey participants’ self-reported assessments
of their environments [33, 57, 105], although frequently without reference to how they cognitively define its
spatial extent [see 106]. In contrast, objective measures are typically derived for prescribed spatial extents,
such as a street segment or fixed buffer around a residence, using either standardised environmental audits
[e.g. 107–110] or remotely sensed within GIS by integrating spatially referenced data [e.g. 1, 111–113].
Objective measures have become the de facto standard for built environment research due to their greater
reliability [10, 114, 115], lower measurement errors [31, 64], higher accuracy and completeness [33, 115],
and potential for standardisation across studies [5, 31, 64, 116].
The focus of this thesis was on objective GIS measures of the built environment and their application in large-
scale environmental assessment for research, planning, policy and practice purposes. This emphasis is not
to deny the importance of self-reported measures for built environment research. Subjective perceptions
of the built environment provide important information about the intra-personal influences on health and
health behaviour [33, 117] that develop through social, cognitive and affective processes [118, 119], and
represent an integral level of influence in psychosocial [120] and ecological [121, 122] models of health
behaviour. They have been used extensively in the walkability literature [117]; are increasingly assessed
using reliable and valid instruments such as the Neighborhood Environment Walkability Scale (NEWS) [5,
123–126]; explain distinct sources of variation in physical activity compared to objective measures [117];
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and may represent important moderators and mediators of environment-behaviour relations [see 106, 127–
133]. However, an important limitation of these measures is that they are difficult to operationalise for policy
and planning purposes due to their subjective nature [31] and non-concordance with physical infrastructure
[106]. They also require large population-representative surveys to provide sufficient data coverage for small
area estimation.
2.2.1. Walkability Indexes
An important methodological advancement that has contributed substantively to the rapidly expanding ev-
idence base over the last two decades has been the development and greater use of objective walkability
indexes [114]. Also known as “pedestrian indicies” [110, 114], walkability indexes represent a specific class
of “active accessibility” measures [52]. Walkability indexes are differentiated from distance, gravity and
topological-based measures by their consideration of multiple built environment characteristics evaluated
relative to origins and destinations [52], which makes the five dimensions of urban design (density, de-
sign, diversity, destinations and distance [4, 6, 9]) highly relevant when evaluating them [134]. Residential
addresses are largely utilised as origins in walkability indexes; however, destinations are rarely explicitly
identified but rather represented by the domain of potentially available opportunities within a boundary de-
fined by either a floating catchment area or spatial unit, which serves as a measure of impedance of access
to these destinations [52].
Walkability indexes have a composite nature; that is, they measure the built environment by combining
multiple individual items into a single metric [114]. The combination of multiple attributes is conceptually im-
portant because it indicates a construct; that is, a feature of the built environment that can be measured by
intermediate or proxy indicators [12, 135]. Combining attributes addresses the issue of high multicollinear-
ity between built environment variables [5, 33, 63, 64] that remains problematic for walkability research
[e.g. 136–138]; captures the relatedness of built environment variables [33]; and reduces the dimension-
ality of data [12], which facilitates communicating research outcomes [33]. Walkability indexes differ from
environmental audits in that along with assessing the amount of walking-related infrastructure within a built
environment they also quantify its suitability for walking [114], which is typically expressed as either a con-
tinuously distributed variable [37, 139–141] or within pre-defined categories [142–145] or sample quantiles
[7, 12, 38, 112, 144, 146, 147].
11
2. LITERATURE REVIEW
The range of walkability indexes now available to characterise the walking typology of areas has expanded
considerably over the last 15 years, and represents an evolution of the first-generation measures described
by Brownson et al. in their state of the science review on measuring the built environment for physical activity
[33]. This advancement has occurred largely in two areas. The first relates to how indexes are constructed
[see 52, 110, 114]; and the second concerns delineating the spatial extent within which exposure occurs
[see 148].
2.2.1.1. Construction Methods
Walkability indexes can be grouped by the methods used to construct them. Mayne classified indexes by
aggregation, scoring and data reduction methods [36], which approximately corresponds with Vale et al.’s
more recent classification of indexes into walkability index (aggregation), Walk Score® (scoring) and other
walkability-type (data reduction) measures [52]. An overview of the exemplar walkability indexes discussed
in this section and their chronology is summarised in Table 2.1.
TABLE 2.1. Overview and chronology of walkability index development
Year Author Index name Method
1997 Cervero and Kockleman [4] Data reduction
2003 Ewing et al. [149–152] Sprawl Index Data reduction
Krizek [153, 154] Neighborhood Accessibility Index Data reduction
2005 Levine et al. [155] Transportation–Land Use Reference Scale Data reduction
2006 Lee and Moudon [64, 156] Behavioural Model of Environment Index Scoring
Frank et al. [12, 37] Neighborhood Quality of Life Study Index aggregation
Kuzmyak et al. [157] Walk Opportunity Index Scoring
2007 Leslie et al. [1] PLACE Index Aggregation
2011 Redfin [158, 159] Walk Score® Scoring
Witten et al. [160] Neighbourhood Destination Accessibility Index Scoring
Hoehner et al. [161] Data reduction
2012 Vargo et al. [162] Google Walkability Data reduction and aggregation
2014 Peiravian et al. [163] Pedestrian Environment Index Aggregation
Singleton et al. [164, 165] Pedestrian Index of the Environment Scoring
2017 Gullón et al. [166] Heart Healthy Hoods Project Index Aggregation
PLACE = Physical Activity in Localities and Community Environments
Initial attempts to construct indexes in the transportation literature used principal components analysis to
reduce large sets of built environment variables into a smaller number of dimensions that could be used
for individual-level analysis of transportation demand and accessibility. Cervero and Kockleman sought to
extract three factors corresponding to density, design and diversity dimension of urban form from 60 built
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environment variables measured at the individual household level in the San Francisco Bay Area [4]. The
final factor structure comprised just two dimensions labelled intensity (density) and walking quality (design)
with six variables each. These factors explained 1–10% of the variability in vehicle miles travelled and
personal and single-occupant vehicle trips, indicating modest to moderate effect sizes for travel demand
outcomes [63]; however, their index was notable for what it did not include. For example, parcel land use
mix, employment accessibility, intersection configuration and network connectivity that were associated with
personal vehicle miles travelled; and land use mix, intersection configuration, retail proximity, parking and
footpath width that were related to personal and single occupant vehicle trips did not load on any factors [4].
Further, two-thirds of the built environment factors that loaded on the intensity and walking quality factors
were derived from environmental audits, which limits the utility of the index for geographically diverse areas.
Krizek also used principal components analysis to develop his neighbourhood accessibility index for walk-
ing in Central Puget Sound [153, 154]. Unlike Cevero and Kockleman’s index [4], Krizek reported that the
three urban design dimensions of density (housing units per square mile), diversity (number of employed in
food store, hospitality, miscellaneous retail and general merchandise businesses) and design (average block
length) all loaded on a single component [153, 154]. Index scores were derived for 150 metre grid cells,
and were highly correlated with expert ratings of accessibility (r2=0.73) for a sample of 70 cells [153]. In a
subsequent study using this index, Krizek found that relocating from a lower to higher accessibility neigh-
bourhood was associated with reductions in both vehicle miles travelled and the total distance travelled by
households [153]. Hoehner and collegues also used principal components analysis to extract a three-factor
walkability index comprising “high density”, “traditional core” and “non-autocommunting” components from
13 block group measures from the US census, which were highly correlated with cardiorespiratory fitness
and lower body mass in a sample of 16,543 adults in Texas [161]. In contrast, Levine and colleagues used
13 variables measuring density, road network characteristics and accessibility to cluster hundreds of travel
analysis zones in Atlanta and Boston into five pre-defined neighbourhood types: central business districts,
other central city, inner suburban, middle suburban, and outer suburban [155]. The authors found that pref-
erences for living in transit- and pedestrian-friendly environments were correlated with actual residence as
defined by their neighbourhood (walkability) classification [155].
Principal components analysis has also been used to develop “sprawl indexes” in the walkability literature.
Sprawl indexes are derived for larger spatial units, and are generally used in ecological (area-level) analyses
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[167]. Ewing et al. characterise sprawling by (1) low residential densities, (2) rigid separation of land uses,
(3) lack of activity centres, and (4) poor street accessibility (connectivity) [149], and have developed met-
ropolitan and county-scale sprawl indexes tapping these dimensions. The metropolitan-scale index linearly
combines 22 land and street network variables into the four dimensions of sprawl, which are summed to
produce a total score [149]. Due to data limitations, the county-scale index linearly combines only six land
use and street network variables into just two sprawl dimensions—low residential density and poor street
accessibility, which are also summed to produce a total score [149]. When applied to Behavioral Risk Factor
Surveillance System data, hierarchical regression models indicated individuals living in sprawling counties
(high sprawl index values) walked less for leisure, had higher mean body mass index values, and were more
likely to be obese than residents of compact counties (lower sprawl index values); however, sprawl was only
associated with lower levels of leisure-time walking at the metropolitan scale. At these geographic scales,
compactness is generally considered synonymous with walkability [168], although sprawl indexes have been
criticised for combining multiple built environment concepts and providing a conflated measure of walkability
[12]. Despite this criticism, the Ewing sprawl index has been updated and re-validated a number of times
since its development [see 150–152].
A small number of walkability indexes are derived using probabilities from statistical models predicting walk-
ing behaviour based on a set of personal, social and environmental covariates [e.g. 169, 170]. This class of
scoring indexes was initially developed by Lee and Moudon as a means of operationalising their Behavioural
Model of Environment, which postulates environments shape, and are shaped by, behaviour through phys-
ical, behavioural and psychosocial influences that are spatially structured [31, 171]. The model comprises
three components of environment: (1) origins and destinations that define the purpose of the trip and where
people walk; (2) route characteristics determine its quality through safety, comfort, experience and percep-
tions; and (3) area characteristics that affect the volumes of activity through land use mix and street networks
[171]. To operationalise this model as a walkability index, Lee and Moudon collected self-reported demo-
graphic, behaviour, household characteristics, attitudes and neighbourhood perceptions and calculated 19
objectively measured GIS environment variables around each participant’s geocoded address capturing
proximity to amenities and services, population density, pedestrian infrastructure, road networks, transit
use, and topography for 438 residents in the City of Seattle [64]. Using multinomial logit models, they first
estimated the predicted probabilities of walking for transport and recreation, which they then interpolated
over a 55 metre regular grid for the City of Seattle by applying a kernel density function across the 438
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geocoded sample points [64]. The resulting Walking for Transport and Walking for Recreation maps repre-
sented separate indexes indicating the probability from 0–100 that an “average” person within a cell would
walk for transport or recreation. Moudon and colleagues developed a similar index using 608 residents from
King County, Washington [156]. Berke and colleagues found that higher walkability scores (probabilities) for
this index were associated with greater recreational walking but not body mass in all older persons [172]
and lower depressive symptoms in older men but not older women [34]. While this index incorporates all five
design dimensions, its approach is difficult to implement at scale because of the need for both subjective
and objective data to derive index scores, and it is likely that the underlying statistical models used to derive
index scores will have different functional forms across geographic extents, which will reduce the compa-
rability of results across settings. The performance of the models used to construct the index may also be
over-estimated as both estimation and prediction use the same data [173].
The Neighbourhood Quality of Life Study (NQLS) walkability index was developed by Frank and colleagues
[12, 37], and operationalises the density, design and diversity aspects of walkable neighbourhoods they
identified in their 2003 review [5]. This index was developed in parallel with Australian researchers from
the South Australian Physical Activity in Localities and Community Environments (PLACE) study to allow
for comparisons between North American and Australian populations [1]. Both indexes are entirely derived
in GIS, which is used to operationalise four built environment variables: net residential density (density);
road network connectivity (design); land use mix (diversity); and retail floor area ratio (a diversity measure
reflecting pedestrian friendliness [12, 52]). These four variables comprise the standard or full index structure,
and represent an enhancement of earlier versions that did not include floor area ratio [see 112, 113]. The
raw values of each environmental variable are converted to either Z scores [12, 37] or deciles [1] and then
summed to give a total score, which is often modelled and reported within sample quantiles describing low
to high walkability [e.g. 1, 38, 106, 112, 146]. Network connectivity is given a double weighting in the North
American version to reflect the influence of distance on utilitarian walking and connectivity on travel mode
choice [12]. In their review of accessibility indexes, Vale et al. noted the consistency of the method with
which this index has been applied, but note numerous applications of the original three-factor (abridged)
index after 2006 and versions using administrate spatial units instead of floating catchments to delineate the
exposure environment [52]. This latter observation highlights a strength of the index, which is its capacity
to be constructed at multiple spatial scales [36]. This makes it well suited for both individual- and area-
level analysis where walkability can be alternatively conceptualised as either a characteristic of a person’s
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immediate environment or a contextual variable, respectively. However, persistent limitation of this index
is the availability of retail floor space data, which are notoriously difficult to source [1, 12] and frequently
unavailable or unsuitable for index construction [174]. Abridged applications of the full four-attribute index
that exclude retail floor area ratio are common place in the research literature [e.g. 7, 40, 112, 113, 175–177]
but their comparability to the four-attribute version is unknown, which has implications for the external validity
of studies using them; the internal validity of review and empirical studies comparing them; and walkability
tools that use abridged versions to facilitate research, planning and practice applications [e.g. 178]. Despite
this persistent limitation, it remains one of the most widely and consistently used walkability indexes in the
research literature [52, 138] having been implemented in over 12 countries [174] and five Australian cites,
including Sydney [36]. The NQLS and PLACE walkability indexes are jointly referred to as the PLACE-NQLS
index throughout the this thesis, which reflects its Australian focus and use of a walkability index based on
the Australian version.
An increasingly utilised index is Walk Score®, a proprietary metric marketed by the Redfin real estate agency
[179, 180]. Walk Score® measures the walking potential around an origin, usually a residential address, by
counting a set number of amenities within nine amenity categories: grocery stores (1), restaurants (≤10),
shopping centres (≤5), coffee shops (≤2), banks (1), parks (1), schools (1), book shops (1) and entertain-
ment facilities (1), which are then weighted by their relative importance for walking [i.e. 64, 181, 182] and a
distance decay function that adjusts for the proximity of each counted amenity to the origin [158]. The re-
sulting weights are summed, linearly expanded to range from 0–100, and finally penalised by the pedestrian
unfriendliness of the area determined by block length and intersection density [158]. The original version of
Walk Score® counted amenities within a 1.6 kilometre (km) radial buffer around the point of interest but since
2010 has used the street network [52]. Initial uses of Walk Score® focused on its validity as a measure of
walkability, which found it highly correlated with independently derived objective and subjective measures of
the physical activity environment [183, 184], counts of walkable amenities [185] and other walkability indexes
[186]; however, it has been increasingly applied to physical activity and health research [52] principally in the
US and Canada, but also in Australia, France, Germany [180], and Japan [187, 188]. An important driver of
interest in Walk Score® is its cost-effectiveness for research, as it does not require access to GIS software,
data or skills [180]. Despite a number of validation studies finding support for Walk Score® as a measure of
walkability [183–185, 189, 190], a recent review concluded that the available literature provides only limited
support for the validity of Walk Score®, which is principally a measure of destination density [180]. The
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review cautioned planners against relying on Walk Score® as a single measure of walkability until further
measures are incorporated in its derivation (e.g. population density and urban form) and its distance decay
function is calibrated empirically [180]. Walk Score® is no longer supported in Australia (see appendix E).
Although the PLACE-NQLS index and Walk Score® represent the most commonly employed walkability in-
dexes in the literature [52], various other indexes have also been utilised [see 52, 114, 138, 191–193]. For
example, pedsheds are defined as the proportion of a 400 m (five-minute walk) or 800 m (ten-minute walk)
radial buffer around a point that can be accessed by the road network [194]; however, they only capture
one of the five dimensions of design, and are more commonly applied to destinations than origins [194].
In contrast, the Walk Opportunity Index was created for the Baltimore metropolitan area and uses GIS to
identify the number of opportunities around an origin accessible within 400 m along the street network,
which are then weighted by their importance and size; penalised by their distance to the origin; and finally
summed to give a total index score [157]. Although derivable within GIS and therefore applicable at scale,
the importance weights were obtained by “reverse-engineering” opportunity preferences from an out-of-area
survey and so may not be transferable to other settings, which would require an additional population-level
survey data collection process to implement. Similarly, the Neighbourhood Destination Accessibility Index
uses GIS to measure walkability in four New Zealand cities by scoring accessibility to eight domains of des-
tinations using an 800 m network buffer constructed around population-weighted meshblock centroids [160].
More recently, Vargo et al. have utilised Google Earth and Maps to develop two dimensions (destinations
and sidewalks) of six component walkability index for Atlanta midtown employees that performed similarly to
Krizek’s [153] neighbourhood accessibility index in predicting walking outcomes [162]; however, the sidewalk
component comprised a virtual audit, which limits its utility for large-scale applications.
The Pedestrian Environment Index is an adaptation of the PLACE-NQLS index for areas that uses GIS to
calculate area-level land use diversity, population density, commercial density and intersection density in-
dexes, which are standardised and linearly combined to give a final index score ranging from 0–1 [163]. This
index is essentially the PLACE-NQLS index derived using different land use and floor area variables and an
alternate standardisation algorithm; however, its comparability to the PLACE-NQLS index and relations to
health outcomes have not been investigated. Other modified implementations of the PLACE-NQLS index
have also been reported by Creatore et al. [195] and Gullón et al [166]. Lastly, the Pedestrian Index of the
Environment uses GIS to operationalise six measures of urban form—comfortable facilities (functional road
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classification), block size, people per km2, sidewalk density, transit access and urban living infrastructure
(amenities)—into an index score ranging from 20–100 using a kernel density function and weights derived
from binary (walking versus other mode) transportation mode choice models [164, 165]. The index is cor-
related with walking for short trips; for all purposes; and for shopping, leisure, pick-up and complex trip
purposes [165]; and performs comparably to the PLACE-NQLS index in mode choice models of walking for
work, school and leisure trips [138]. The major limitation of the Pedestrian Index of the Environment is the
requirement for trip data to estimate variable weights, which may not be available in all jurisdictions [165].
2.2.1.2. Exposure Assessment
Walkability is context-specific and influenced by the geographic scale at which it is measured. It is a multi-
scalar construct derived at varying spatial resolutions both proximal and distal to individuals. Saelens and
Handy have identified three environmental scales relevant to walkability research: micro-environments are
defined around individuals; meso-environments represent larger spatial extents, such as neighbourhoods,
shared by groups of individuals; and macro-environments describe large-scale geographic extents such
as administrative units, metropolitan areas, and cities [2]. Early indexes described above were derived for
administrative units and regular grids [4, 153, 155]. Likewise, the development reports for PLACE [1] and
NQLS [12] walkability indexes recommended using census spatial units to facilitate representative sam-
pling of neighbourhoods and linking to sociodemographic data for public health research [12]. These meso-
and macro-environmental walkability indexes represent a contextual measure of the environment to which
groups of individuals, communities and populations are exposed. Yet they are commonly employed for
individual-level inference purposes [e.g. 139, 146], which requires statistical adjustment for the hierarchical
data structure and has implications for interpreting observed effects. The population-based studies of Frank
et al. [12] and Kelly et al. [147] are unique in this respect for considering walking behaviour at the same
(ecological) levels at which walkability was measured—that is, matching exposure and response contexts.
Improved access to GIS software, data and skills, along with methodological developments, have resulted
in greater use of point-level walkability exposure assessment principally around individuals’ residences us-
ing radial and network buffers ranging in size from 200–1,600 metres [196, 197]. These buffers represent
the walkability micro-environment to which individuals are exposed; however, they are unlikely to be as
person-centric as conceptualised by Saelens and Handy [2] because buffers will overlap to varying degrees
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for proximal individuals. Assessment at this level is most consistent with the orthodox view of walkability
as an individual-level environmental exposure but still may not be representative of the walkability micro-
environments that influence individual-level behaviours and outcomes [135, 198, 199]. Mavoa and col-
leagues have noted that associations between built environment factors and physical activity are dependent
on how neighbourhoods (micro-environments) are delineated, and that there is no “ideal neighbourhood def-
inition” [148, p.1]. To this end, activity space [198–201] and space syntax [13, 135, 202, 203] delineations
of walkability micro-environments have gained traction in the research literature. Activity spaces delineate
the micro-environments to which individuals are likely exposed by taking into account origins, destinations
and travel budgets [199], while space syntax leverages the spatial configuration of urban landscapes via
node relations within the street network [135]. While there is some evidence for precision gains in exposure
assessment, implementation of these delineation metrics is not straightforward and data-dependent; for ex-
ample, activity space methods require detailed information on origins, destinations and trip characteristics
[204].
Efforts to better delineate the exposure environment reflect concerns about how representative buffer re-
gions and spatial units are of residents’ physical and perceived neighbourhoods [181, 205]. Studies exam-
ining buffer sizes generally indicate that ≤1,600 m is the optimal size as comparable exposure-response
relationships are observed within this range [196, 197]; however, this may not be consistent with individual
cognitive maps of their neighbourhoods, which are often distorted [106]. For example, Bödeker has reported
self-defined neighbourhoods of older persons in Germany tend to be larger, less home-centred and more
walkable than those defined by pre-set buffers [206]. The issue with using buffers or spatial units is that the
results may be dependent on the arbitrary zones selected for the analysis [207]. For example, Coffee et al.
observed that walkability was associated with cardiometabolic risk when measured within 500 m, 1000 m
and 1600 m road buffers but not when measured within Census Collection District or suburb spatial units
[140]. This is the well established modifiable areal unit problem (MAUP) [208, 209], and is a problem for
both individual- and area-level walkability research where an arbitrary exposure extent is specified [33, 199].
Newer approaches to delineating the neighbourhood consider more broadly the environments through which
people pass on a daily basis [198, 199, 210], and are less home-centric than buffer or zonal approaches.
However, there is a tension between the scales of analysis for research aimed at individual-level inference
and those for urban design and health planning, which are necessarily coarser because they are undertaken
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for groups of people, communities and populations at local, urban and regional scales [13–15]. Moreover,
action at these levels is often constrained by administrative spatial units that reflect the boundaries of a juris-
dictional entity (e.g. a local government area) or its planning units (e.g. suburbs). Where this occurs, issues
associated with MAUP may be less critical if the spatial units and their scale provide a meaningful con-
text in which to understand how the processes generating data on the outcome(s) of interest are operating
[21, 33, 211–214]. In the context of walkability, this would involve undertaking analysis at the intended plan-
ning scale; that is, the level at which the evidence will be used to inform planning. However, two important
points remain germane under such a scenario. First, it does not “solve” the problem of MAUP as analysis at
different spatial scales may result in different exposure-response associations [21, 208, 209, 211]; however,
it does ensure that decision-making uses evidence derived within the same spatial context [33, 212–214],
which reduces the risk of spurious cross-level action [19–21]. And second, when derived at the area-level,
walkability represents a contextual effect of the spatial unit to which the population is exposed and not just
the average exposure of individuals within the spatial unit. This is because area-level walkability is derived
independently of the point-locations and micro-environments of individuals.
2.3. Walkability and Priority Public Health Outcomes
The following section reviewed the evidence linking walkability to the priority public health outcomes ad-
dressed by this thesis: health-enhancing physical activity, including moderate-intensity walking, total MVPA,
and high MVPA; high body mass, including overweight and obesity; and mental health, including psychoso-
cial (psychological) distress and affective disorders. The following sections focus on relations between these
public health outcomes and objectively measured "walkability components” for adults and populations mea-
sured as either a composite index or individually [5, 52, 58, 90].
2.3.1. Physical Activity
Regular participation in MVPA has many health benefits including reduced risk of all-cause mortality [215,
216], cardiovascular diseases [215, 217–219], diabetes [215, 220], colon and breast cancer [215, 217],
obesity and stroke [66], metabolic syndrome [221], osteoarthritis [66], and depression and anxiety [66, 215].
Engaging in moderate-intensity walking produces health benefits independent of participation in other forms
of MVPA [216, 222, 223], and has been the primary public health strategy for increasing population-levels
of physical activity [66, 224]. Interest in built environment contributions to physical activity, and especially
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walking, arose out of observations that walking for transport and errands was higher in dense, connected
and diverse neighbourhoods [5, 55, 225]. Although having small effects on individuals, environmental in-
terventions that promote utilitarian walking were expected to have large population-level impacts because
exposure is ubiquitous and more persistent than for individual-level interventions [5, 62].
A major limitation of the evidence base linking the built environment to physical activity is its largely cross-
sectional nature [91]. Limitations in study design, along with heterogeneity in variable definition and mea-
surement, and analytic methods have been a consistent criticism of both general [see 2, 5, 6, 11, 31, 35, 71–
84, 88–91] and methodological [33, 116] reviews. Despite these limitations, there is relatively consistent
evidence in the literature that walkability components and indexes are associated with walking, especially
active transportation, and some evidence for associations with total MVPA.
Table 2.2 summarises the the results from 23 reviews addressing built environment correlates of physical
activity, including literature reviews [2, 2, 11, 31, 71, 72, 78, 88, 116], critical appraisals [74], systematic
reviews [35, 57, 73, 75, 76, 82, 89, 90, 226], meta-analyses [6, 89], and reviews of reviews [2, 77]. Findings
were mostly in the expected direction for all physical activity types for connectivity [5, 6, 11, 35, 72, 77, 78,
81, 88, 90, 226], proximity [2, 6, 11, 31, 57, 71–74, 77–79, 82, 88, 226], land use [2, 5, 6, 11, 72, 73, 78, 80,
81, 88, 90, 226], density [2, 5, 11, 35, 74, 76–78, 80–82, 88, 89, 226] and walkability [2, 5, 11, 35, 57, 78,
80, 81, 89, 226]. Although results were strongest for transport-related physical activity—especially walking
for transport, there was also evidence of consistent but weaker associations with total walking and, to a
lesser extent, total MVPA. However, not all were as expected with McCormack and Shiell finding transport-
related walking inversely related to non-recreational land use proximity (i.e. shops and services), which
may have resulted from the mix of public and pay services in study settings [81]. Walkability considered
as either a neighbourhood characteristic or index was associated with active transport in the expected
direction in all reviews that considered it [2, 5, 35, 78, 81, 88, 90, 116, 226]. In contrast, the evidence is less
consistent for walkability and non-transport walking and MVPA, with some reporting positive associations
[2, 11, 57, 80, 81, 89, 226] and others mixed [2, 73, 77, 80, 226] or non associations [81, 226]. The only
unexpected finding was reported by Annear et al., who found walkability was negatively associated with
physical activity in older adults but positively associated with already active older people. This suggests
that walkability may be important for keeping the active-aged active but not getting the inactive-aged active
[82]. O’Donoghue et al.’s review stands out for its focus on correlates of sedentary behaviour in adults aged
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TABLE 2.2. Summary of review evidence linking walkability (indexes and components) to physical activity
Review (first author, date) Mode Feature
Density Connectivity Land use Proximity Walkability
Humpel (2002) [57] Walking 0 + +
Salens (2003) [5] Transport Walking + + + +
Lee (2004) [31] Walking +
Cunningham (2004) [71] Walking +
McCormack (2004) [72] Walking + + +
Owen (2004) [73] Walking + + ±
Badland (2005) [11] Walking + + + + +
Handy (2005) [74] Walking + ± ± +
Heath (2006) [75] Walking +
Wendel Vos (2007) [76] Walking + ± ±
Bauman (2007) [77] Walking + + + + ±
Saelens (2008) [2] Transport walking + ± + + +
Recreation walking ± 0 ± ± ±
General walking ± ± + ± +
Panter (2010) [78] Total active travel + + + + +
Forsyth (2010) [79] Transport walking ± +
Ewing (2010) [6] Walking 0 + + +
Durand (2011) [80] Walking + + +
Physical activity 0 0 ±
McCormack (2011) [81] Trasnsport walking + + + − +
Recreation walking ± 0 0 0 0
General walking + ± + ± +
Total MVPA 0 − ± 0 +
Grasser (2013) [35] Transport walking + + ± +
Transport total + + +
Annear (2014) [82] Physical activity + + −
O’Donoghue (2016) [226] Transport sitting time − − − 0 −
Leisure sitting time 0 0
Total sitting time + − ±
Leisure screen time 0 0 −
Wang (2016) [88] Transport walking + + ± +
Leisure Walking + + + +
Barnett (2017) [89] Walking + ± ± +
Total MVPA ± ± ± +
Smith (2017) [90] Transport MVPA ± + +
Total MVPA +
* Specific mention of walkability or walkability index; MVPA = moderate and vigorous physical activity; PA = physical activity
Key: mostly positive (+), mostly negative (−), mixed (±) or no (0) associations.
18–65 years, which found consistent evidence to indicate that higher objectively measured neighbourhood
walkability index values were negatively associated with transport sitting time and leisure screen time [226].
They also found higher residential densities and land use mix were negatively associated with transport
sitting time [226]. Total sitting time was negatively associated greater proximity to destinations but positively
associated with higher residential densities, although this finding came from a single study [226].
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Some researchers have attempted to find stronger evidence by limiting their reviews to studies with more
robust designs, including longitudinal studies of people who remain in their neighbourhood over time (non-
movers or stayers); “natural experiments” comprising persons who relocate to another neighbourhood with
different environmental characteristics (movers); and quasi-experimental designs that evaluate the impact
of opportunistic, built environment interventions on persons exposed to them [81, 90, 92, 227, 228]. The
strength of these designs is in their capacity to establish the temporal sequence of cause and effect by
examining relationships between built environment exposures and health outcomes within the same individ-
uals over time [92]; however, they are not without limitations. Studies of non-movers and stayers still need
to control for neighbourhood self-selection bias [92]; and because researchers have limited control over the
timing and nature of environmental interventions [92, 227], the “dose” of the exposure may not be sufficient
to affect the outcome of interest [92]. Longitudinal studies are also sensitive to cohort attrition [93, 229];
confounding by time-varying factors, such as changing health status [229]; and are more time and resource
intensive to undertake than cross-sectional studies [230]. Despite these challenges, greater use of longitu-
dinal studies is essential to strengthening the evidence base linking the built environment to physical activity
and other health outcomes [231].
Smith et al. systematically reviewed the built environment literature but limited their analysis to studies with
designs that supported causal inference (i.e. prospective and retrospective cohorts, and natural experi-
ments) [90]. They identified two Australian and two US studies (n=9,914 adults) that addressed walkability
components. They found evidence for a positive impact of recreational facility density on recreational physi-
cal activity in one study [232], and greater destination accessibility and density (including public transport) in
two studies addressing walking for transport and leisure [233] and moderate intensity activity bouts, which
was also stronger for older adults [234]. There was also evidence for a positive impact of destination acces-
sibility and density [229, 233], land use mix [229] and street connectivity [229] on active transport. There
was an effect of residential density on walking for transport in the one study that addressed this component
[229]. Despite the stronger study designs, their quality was only rated poor-to-moderate due to issues with
selection bias and data collection methods [90]. McCormack and Shiell strengthened their review by: (1)
only including studies that adjusted for neighbourhood self-selection; and (2) undertaking a sub-review of
quasi-experimental studies comprising residential relocation or environmental modification and a pre-post
evaluation design [81]. They found that while all built environment factors reviewed were mostly associated
in the expected direction, land use mix, connectivity and population density were important determinants of
23
2. LITERATURE REVIEW
physical activity—especially utilitarian walking [81]. Neighbourhood self-selection slightly attenuated associ-
ations, but only for a small number of studies [81]. Despite their encouraging findings, McCormack and Shiell
noted that there was still a need for more, higher-quality quasi-experimental studies to better understand
built environment influences on context-specific physical activity [81].
A major umbrella review evaluating built planning principles for health found physical activity health-related
outcomes were associated with greater walkability [91]. This included street connectivity, mixed land use,
compact design, higher population density, and good access to local facilities and amenities. However,
again it was noted that the evidence reported was mostly of low-to-moderate methodological quality [91].
In contrast, Mayne et al. found very few natural experiments involving interventions addressing walkability
components [84]. Studies comprising adults focused on the provision or upgrading of destinations, including
recreational infrastructure (i.e. parks and exercise equipment; n=3), purpose-built paths or trails (n=4), or
providing additional transit stops (n=2), which were mostly (7/9) associated with changes in walking and
total MVPA in the expected direction [84]. In contrast, a natural experiment in Knoxville-Knox County that
retrofitted an urban environment with a trail to improve the connectivity between neighbourhoods and retail
and school settings found neighbourhood-level 2-hour physical activity counts in the intervention neighbour-
hood were significantly increased relative to two control communities 14 months after the trail was opened
[235]. Foster and colleagues’ recent systematic review of interventions to promote walking at the population
level also found some evidence for the effectiveness of constructing new walking infrastructure with two of
four quasi/natural experiments showing significant increases in transport or leisure walking post-intervention;
however, the authors noted that potential bias due to randomisation and non-response issues was a problem
across all studies [236].
Meta-analyses are rare and often unsupported by the diverse built environment evidence base. For ex-
ample, Schüle and Bolte were unable to pool data from their review of neighbourhood environments and
health “due to the large variation of study design and heterogenous reoporting of results” [86, p.2]. How-
ever, when undertaken, pooled analyses typically support associations between walkability components
and walking or total MVPA. Ewing and Cervero examined walking elasticities for built environment studies
between 2003–2009 and reported walking (and transit use) was most strongly related to greater land use di-
versity, intersection density, and the number of destinations within walking distance [6]. Likewise, Barnett et
al. observed strong combined associations for older adults between total walking and walkability, residential
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density, and access to proximal destinations and services; and between total physical activity and walkabil-
ity, and access to proximal destinations and services [89]. When stratified by environmental measure type
(i.e. objective or perceived), both total walking and total physical activity remained significantly associated
with objectively measured residential density and access to proximal destinations and services [89].
Barnett et al.’s [89] findings are germane to the use of walkability indexes for planning purposes because
they confirm earlier findings from McCormack and Shiell [81] and Grasser et al. [35] on the consistency
of associations between objective walkability indexes and walking, especially for transport. McCormack
and Sheill’s review indicated that composite walkability indexes are associated with transport and general
walking and total MVPA in the direction expected, and are not substantially attenuated by neighbourhood
self-selection [81]. Grasser et al.’s review specifically assessed associations between active transport and
PLACE-NQLS walkability indexes with and without retail floor area ratio [35]. They found consistent positive
associations between both versions and utilitarian walking and total transport activity [35], despite some
individual walkability components not being associated with transport outcomes in disaggregated analyses
[35]. The authors concluded that the consistency of correlations across the 34 studies reviewed supported
the potential of walkability indexes for planning and monitoring purposes [35].
The review evidence considered thus far is principally derived from studies concerned with inference at the
individual-level, regardless of the spatial scale at which walkability indexes and components are derived.
When walkability exposures are measured using spatial units, multilevel statistical models are usually em-
ployed to account for the hierarchical data structure [e.g. 139, 146, 237, 238]; however, individual-level infer-
ence mostly remains the focus for inference with area-level concerns reduced to an evaluation of reductions
in between-area variance. Needs assessment and planning typically occur at coarser spatial aggregations
[13–15]. It is within this context that Sato et al. have raised concerns about the appropriateness of using
data on individuals to inform action on groups of people and populations [17], which assumes individual-
level walkability exposure-response relations scale to populations. This is potentially problematic for utilising
walkability indexes to inform planning because the extent to which micro-level correlates of physical activity
scale to meso- and macro-environments is poorly understood [16]; under researched [147]; and largely lim-
ited to travel to work data. For example, Frank et al. classified US census block groups using their NQLS
index and found that the frequency of people who reported walking to work at the 2000 US census was
4–7% higher in King County and 4–6% higher in Baltimore among residents of high versus low walkability
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neighbourhoods after stratifying on household income [12]. Likewise, Kelly et al. classified the walkabil-
ity of 1,124 US census block groups in St. Louis City and County using an abridged PLACE-NQLS index
and observed that after adjusting for block group socioeconomic deprivation, the odds of walking to work
were three times higher in the most versus least walkable block groups. Although the findings from these
studies are consistent with a positive association between population prevalence of utilitarian walking and
area-level walkability, the high specificity of the behavioural outcome (walking to work) and study popula-
tion (employed persons) limit their generalisability to other domains of walking and populations relevant to
planning and health needs assessment.
2.3.2. High Body Mass
High body mass, defined as a body mass index (BMI) ≥25 kg/m2 is an urgent public health concern in devel-
oped and developing countries [239]. Global rates of overweight and obesity have increased substantially
over the last 40 years [240, 241] and in 2016 contributed 5.7% of total disability adjusted life years (DALYs)
to the global burden of disease [242]. In Australia, whole of population obesity rates are projected to reach
35% by 2025 but may be as high as 45% in younger populations [243]. High body mass is a risk factor for
cardiovascular disease, cancer, type 2 diabetes mellitus, and musculoskeletal conditions [244, 245], while
economic costs to society grow linearly with increasing levels of overweight and obesity [246]. A range of ge-
netic, behavioural, economic and environmental factors operating within multiple complex systems combine
to influence the physiological energy imbalance that underlies the development and maintenance of high
body mass [32, 247–250]. Rutter and colleagues have argued that shifts in these population-level systems
will be required to reduce the health and economic burdens of high body mass [249].
The built environment is one of many settings that has been identified as a potential target for inter-
vention to address high body mass, especially obesity [249–251]. Conceptual frameworks linking the
built environment to high body mass identify pathways that are mediated by lifestyle behaviours that un-
derlie its development [250]. In the context of walkability, the mediating behaviour is physical activity
[32, 251]. Walkability is hypothesised to contribute to reducing overweight and obesity by promoting partic-
ipation in total daily moderate-intensity physical activity, principally by facilitating greater utilitarian walking
[5, 67, 68, 91, 167, 250]. The evidence base linking the built environment to high body mass is principally
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cross-sectional [91], with mixed findings on the strength of longitudinal evidence. For example, some re-
views have concluded there are relatively few well-controlled longitudinal studies on which causal conclusion
can be drawn [91, 167], while others report strong evidence for longitudinal relationships between walkability
and obesity [93].
The evidence linking high body mass outcomes to walkability is much less consistent than for physical activ-
ity. Booth et al [252] reported that both obesity risk and BMI were inversely linked to walkability, land use mix
and urban sprawl [252]. As mentioned in section 2.2.1.1, sprawl is generally considered at larger (macro)
spatial scales using sprawl indexes [e.g. 149–152, 253, 254], and is typified by low density development
patterns comprising separated land uses and extensive road networks that create a reliance on motorised
transport for daily trips [255]. Compact, non-sprawling environments are considered more walkable at these
scales, although some researchers have challenged whether sprawl indexes provide a coherent measure
of walkability [12]. Papas et al.’s updated review in 2007 included 11 studies in adult populations that used
direct measures of body weight and objective measures of the built environment, including five using either
a walkability (n=2) or sprawl (n=3) index [32]. They also highlighted the largely cross-sectional nature of
the evidence base, and inconsistencies in how the built environment was operationalised through exposure
measurements. Despite these limitations, they reported consistent associations in the expected directions
between continuous and categorised body mass and walkability indexes, their components (land use, den-
sity and proximity but not connectivity), and urban sprawl [32]. Papas and colleagues identified delineating
neighbourhoods as a challenge for the area, as most studies had used an administrative spatial unit result-
ing in inconsistent geographies across studies [32]. This is consistent with the discussion in section 2.2.1.2
on exposure assessment. They also noted that while most studies used multi-level models for their analyses
where a data hierarchy was evident, none used spatially explicit methods to explore their residual variance
components for spatial autocorrelation that may indicate small-area or place-based effects [32].
An important limitation of of the reviews by Booth et al. [252] and Papas et al. [32] is that studies were
pooled regardless of the spatial scale at which built environment effects were measured. In contrast, Feng
and colleagues stratified studies in their review depending on whether the built environment was measured
as a contextual variable within an administrative boundary or individually within a unique geographic buffer
[256]. The largely cross-sectional studies were highly heterogeneous—even within strata—and could not
be quantitatively synthesised, which the authors concluded “limits what can be learned from this body of
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evidence” [256, p.175]. However, this outcome was derived from considering all studies and built environ-
ment domains together. Considering just land use/transportation environment outcomes, the associations
are consistently in the expected directions between obesity and walkability/sprawl indexes when measured
as contextual variables [see Table 3 256, p.179] but only mixed evidence for walkability when measured at
the individual-level using unique geographic buffers [see Table 4 256, p.182]. However, in their review, they
noted the importance of not adjusting for mediators (i.e. physical activity) when interest lies in examining
associations between high body mass and the built environment, and raised concern about the paucity of
longitudinal studies and adequate control for neighbourhood self-selection. Durand and colleagues also
reported that BMI is largely unrelated to walkability when measured at the individual-level [80]. However,
their review was undertaken within the context of smart growth urban planning [257] and required studies
to address at least 4 of 10 underlying principles, which reduced the number of studies eligible for full review
from 204 to 44, and potentially limits the external validity of their conclusions.
More recent reviews have been informed by Ding and Gebel’s review of reviews of the built environment,
physical activity and obesity literature, which highlighted the need to improve methodological rigour, speci-
ficity of reporting, match concepts and contexts, and stratifying by measurement modes [115]. To this end,
Mackenbach et al. stratified their 2014 review of adult studies by continent (Northern America, Australa-
sia, Europe) and measure type (objective or perceived), and included a quality assessment of each study
[258]. Overall, their findings confirmed previous reviews that there was little evidence identifying specific
built environment correlates of weight status in adults, except for urban sprawl and land use mix, which were
consistently associated in the expected direction [258]. However, they did raise concerns about the potential
for their findings to be biased towards the null because many of the primary studies included in their review
had inappropriately adjusted for mediators in their analyses, especially physical activity [258]. It is well es-
tablished that including intermediate variables in exposure-response analyses biases the total effect of the
exposure on the outcome towards the null [259–264], and there is good evidence that physical activity me-
diates relations between the built environment and body mass [250, 251]. All 19 walkability studies included
in this review were cross-sectional and used objective assessment of the built environment. Most employed
a PLACE-NQLS walkability index and all were rated as having either a low or moderate risk of bias. Results
were inconsistent with eight studies showing associations in the expected direction; six mixed results (e.g.
associations in men but not women); and three found no associations [258].
28
2.3. WALKABILITY AND PRIORITY PUBLIC HEALTH OUTCOMES
Grasser et al. also reported mixed and unexpected associations in their review of relations between PLACE-
NQLS walkability indexes and body mass [35]. Five studies used either an abridged (n=2) or full (n=3)
PLACE-NQLS index. Of the two using abridged indexes, one reported a negative association with BMI in
one city but not another and the other found no association with BMI; while one of the full index studies
was associated with BMI for men but not women, a second found a negative association with prevalence
of overweight but not obesity, and the third reported BMI was negatively associated with walkability [35].
Individual components were also inconsistently associated with weight status. Land use mix measured
by entropy was negatively associated with overweight and obesity prevalence in two studies, with mixed
associations reported in the other two [35]. Density measures were also mostly associated in the expected
direction, except for one study that found an unexpected positive association with obesity in women [35].
Significant associations for street connectivity were found in four of eight studies; however, three of these
were in the unexpected direction [35]. Grasser et al. suggested that the inconsistency may reflect the use of
different methods for operationalising each environmental variable, and recommended the development of
a common set of indicators that could be applied across populations [35]. Garfinkel-Castro and colleagues
also concluded in their recent review of the literature that, with the exception of macro-environmental sprawl,
the evidence linking walkability to obesity at micro- and meso-environmental scales is inconsistent, largely
cross-sectional, and inadequately controls for neighbourhood self-selection bias [167].
The criticisms of Garfinkel-Castro et al. are apparent in a recent review by Paulo dos Anjos Souza Bar-
bosa et al. examining associations between high body mass and mostly PLACE-NQLS walkability indexes
[265]. While seven of ten studies reviewed were associated with BMI, overweight or obesity, six were cross-
sectional and none controlled for neighbourhood self-selection [265]. All three longitudinal studies reported
no associations between walkability indexes and high body mass but only one controlled for neighbourhood
self-selection [265]. In contrast, a recent quality-weighted meta-analysis of 11 studies found evidence of
longitudinal associations between objectively measured walkability and obesity, but only weak evidence of
longitudinal associations was observed from three studies assessing route attributes such as street con-
nectivity [93]. The inconsistent review findings for walkability and high body mass at the individual-level
likely reflects methodological heterogeneity in both primary and secondary studies. For primary studies,
this arises from the use of differently measured and categorised body mass outcome variables; inconsistent
application of built environment exposure metrics; overuse of cross-sectional versus longitudinal designs;
and analyses that inadequately control for complex data structures and selection biases or over-adjust for
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potentially moderating factors, such as physical activity [93, 167, 256, 258]. For secondary studies, hetero-
geneity arises through study selection and synthesis that ignores the quality of the primary evidence and
specificity of reported associations; failing to conceptually match built environment factors with outcome do-
mains; and combining different modes of measurement (e.g. objective and perceived) in the same analysis
[115]. Despite uncertainty in the evidence base linking walkability and high body mass, a 2017 health impact
assessment estimated that active transportation policies that doubled the current rates of walking to work in
Australia may save 523–1,893 in health adjusted life years and $6.0–22.4 million in total averted healthcare
costs due to obesity-related diseases each year [266].
Analyses examining built environment correlates of high body mass at population scales are not as infre-
quent as for physical activity. In the context of walkability, this evidence principally comes from studies of
urban sprawl analyses undertaken at the US county level [6, 149, 151, 152, 253]. These studies princi-
pally rely on Ewing’s urban sprawl indexes (see section 2.2.1.1) [149, 151], and consistently show compact
counties are associated with lower BMI and lower prevalence of obesity [167, 256, 258]. Frank et al. have
criticised the coherence of sprawl indexes as measures of walkability because they conflate multiple and
diverse built environment constructs in their derivation [12]. Unfortunately, few population-level analyses of
high body mass incorporating specific contextual measures of walkability are available. For example, Cong-
don has examined geographic variation in county level obesity rates in the US and the extent to which they
are influenced by place-based effects [25]; however, the “settlement patterns” variable used in this analysis
also conflates walkability with car dependence, sprawl and commuting patterns. In contrast, Lathey et al.
[267] examined walkability directly for census block groups in Arizona using an index based on accessibility
to places of social interaction [267]; however, their analysis focused on odds of membership in a low, aver-
age or high prevalence obesity cluster, rather than the prevalence itself. While they observed a halving of
the odds for membership in a high versus low prevalence cluster for every one unit increase in their walka-
bility index [267]; this is unlikely to be informative or generalisable beyond the study population because of
the statistical method used to derive prevalence clusters. Thus the question of what contribution walkability
might make to high body mass prevalence at the population scales remains unresolved.
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2.3.3. Psychosocial Distress
Environmental influences on mental health outcomes have received considerable attention in the research;
however, few studies have considered walkability specifically [see reviews by 268–280], and none at the
spatial scales typically used for population-level planning and intervention. This thesis specifically considers
psychosocial distress, which describes anxious or depressive affect in the absence of a psychiatric diagnosis
[281]. It is commonly used to monitor mental health status in populations [e.g. 282, 283] and is conceptually
consistent with the majority of existing walkability research, which has focused on anxiety and depressive
illnesses [275]. The mechanism by which walkability influences mental health is an important but unresolved
question. Physical activity [284, 285] and social capital [286] have been identified as variables through
which walkability acts on mental health. Both are biologically plausible given current knowledge about
physiological and psychological influences on mental health [279], and hypothesised pathways linking the
built environment to the development of chronic diseases [e.g. 251]; however, neither has been causally
evaluated.
Berke and colleagues [34] investigated the association between self-reported depressive symptoms mea-
sured using the Center for Epidemiologic Studies Depression Scale and walkability among 740 respondents
to the Adult Changes in Thought (ACT) study in King County (US) using Lee and Moudon’s [31] individual-
level walkability index. Odds of depression were reduced by a factor of 0.31–0.33 for the highest versus low-
est walkability quartile but only among older men. On the basis of this cross-sectional finding, the authors
recommended that walkability should be a focus for community-level mental health planning. In contrast,
Saarloos et al. [287] found no association between walkability measured using an abridged PLACE-NQLS
index derived at the Australian Census Collection District level and self-reported depression measured us-
ing the Geriatric Depression Scale among 5,218 older men living in Perth. Depression was related to land
use mix (a component of their walkability index) though, with increased odds for persons living in areas with
middling (1.10–2.16) and high (1.08–2.14) versus low land use mix, and some versus no retail land use
(1.04–1.90; not included in their walkability index) [287]. Sarloos and colleagues investigated associations
between the built environment and psychosocial distress measured by the General Health Questionnaire for
a community sample of 687 older Welsh men enrolled in the population-based Caerphilly Prospective Study
[287]. Unlike the previous two studies, this investigation used individual- and area-level morphological met-
rics commonly included in walkability indexes to characterise the built environment. The authors reported
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that the odds of psychsocial distress were reduced with increasing individual-level land use mix (0.22–1.00)
and local-area street network (connectivity) accessibility (0.28–1.00) [288].
More recently, James et al. reported that the odds of depression (1.08–1.16) and current depression (1.08–
1.25) measured using the Center for Epidemiologic Studies Depression Scale were significantly higher for
persons in the highest versus least walkable neighbourhoods of low-income and racially diverse popula-
tions in south eastern United States when measured using abridged PLACE-NQLS index derived at the
individual-level [136]. In contrast, Villeneuve and colleagues found no association between the mental
health component of the Short Form 12 (SF-12) and walkability measured for Canadian census dissemina-
tion areas using an index comprising intersection density, dwelling density, local points of interest, and transit
measures from the Canadian Active Living Environments (Can-ALE) database [289]. Finally, Wang et al.
found both Geriatric Depression Scale and Geriatric Anxiety Inventory scores were negatively associated
with a walkability index derived using a machine learning classifier of visual enclosure for 1,231 older adults
living in Beijing, China [290]. This novel approach provides a proxy measure of street walkability by mea-
suring the proportion of sky visible at pedestrian-level using Google Street View images, and is correlated
with coincident Walk Score® values [291].
As the preceding discussion shows, the current evidence base linking walkability to psychosocial distress
is limited. This likely reflects the considerable variability in methods and measures that have been used
[275]. Walkability was assessed using a range of indexes, applied at varying spatial scales, and comprising
different combinations of built environment variables. Mental health outcomes were equally diverse (i.e.
psychosocial distress, anxiety and depression, and general mental health) and assessed using multiple
self-reported standardised scales. This section focused on research utilising objective walkability indexes
but similar heterogeneity is found in studies using perceived measures of walkability [e.g. 292–294]. It is also
notable that none of the studies reviewed considered how walkability may have contributed to geographic
variation in mental health outcomes across their study areas. Using objective measures of walkability is
important when investigating mental health outcomes because people with compromised mental health
tend to perceive their physical environments more negatively [275]; however, greater standardisation of both
outcome and exposure measures is needed to facilitate between-study comparisons and syntheses [275].
32
2.4. UTILISING SPATIAL STATISTICS FOR WALKABILITY RESEARCH, PLANNING AND PRACTICE
2.4. Utilising Spatial Statistics for Walkability Research, Planning and Practice
The built environment and—by extension—walkability, are inherently spatial constructs [167]. Cervero and
Radisch first noted the “high multicollinearity” of built environment variables in 1996; identified the practi-
cal difficulties this presented for disentangling the influence of specific attributes on travel behaviour; and
recommended reducing environmental variables into composite indexes to address statistical issues arising
from this multicollinearity [63]. Saelens and colleagues subsequently termed this locational relatedness of
built environment variables “spatial multicollinearity” [5]. This conceptualisation is immediately recognisable
as the well known statistical phenomenon of spatial autocorrelation—the clustering of observations in space
[27]. This dependence is unsurprising given the complex spatial organisation that influences the develop-
ment of built environments at multiple geographic scales [see 295, 296]. Composite walkability indexes
address issues of multicollinearity by reducing the relatedness and dimensionality of explanatory variables
included in statistical analyses of environment-behaviour relations [12]; however, they do not resolve the
underlying spatial autocorrelation in built environment variables used to construct them, which will be ex-
pressed through the geographic distribution of index values. Spatial autocorrelation in explanatory variables
is problematic for standard statistical methods, and can lead to biased inference through inflated type I
error when: (1) the response variable is also spatially autocorrelated; or (2) the explanatory variable ex-
hibits a broad-scale spatial structure [297]. Given the social, political a priori expectation that response
will be related to explanatory variable(s), then built environment research implicitly assumes (1) and (2) are
reasonably likely in large study settings incorporating central business, urban and peri-urban districts.
It is a common fallacy in the research literature that walkability indexes and components derived around a
point location to reflect exposure for an individual or household are “unique” to that location and therefore
orthogonal (independent) of index values at different locations. This is conceptually inconsistent with the
observation that built environment variables display high spatial multicollinearity [5, 63] and violates Tobler’s
first law of geography that “everything is related to everything else, but near things are more related than
distant things” [298, p.236]. Lee and Moudon noted in 2004 that the problem of spatial autocorrelation in
built environment research is “largely overlooked”, and that hierarchical analyses “offer only limited solu-
tions to this problem” [31, p.166]. This is because generalised linear mixed models (GLMM)—also known
as multilevel models—are largely specified with a covariance structure that conflates spatial and non-spatial
variation into a single variance component (random effect) [299]. While this approach to analysis addresses
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the issue of clustering for standard error estimation, it is problematic for a number of reasons. First, re-
searchers only tend to use multilevel models when walkability or other variables are measured at a level
different to that used for inference, and so are unlikely to consider more complex models for apparently non-
hierarchical data structures. Second, evaluations of between-area variance reductions via the intraclass
correlation coefficient cannot differentiate the source of variation—spatial or non-spatial—that is being ex-
plained when additional explanatory variables are added to analytic models. And third, understanding spatial
variation in outcomes and how it is associated with environmental walkability is likely to be highly informative
for research, planning and practice purposes. Understanding these associations is also germane to the util-
isation of walkability indexes to benchmark, monitor and evaluate environmental action aimed at addressing
variations in population health needs. Lee and Moudon recommended that greater consideration be given to
spatial analysis for addressing spatial dependency issues in environment-behaviour research [31]; however,
applications of spatial analysis in the walkability literature were rare prior to 2017 and principally focused
on identifying between-group differences for geographic clusters of high and low active transportation or
chronic conditions [e.g. 300–302].
Understanding the drivers of geographic variation in health behaviours and outcomes is essential for fram-
ing public policy and action [23]. Geographic variation in this context means more than just differences
between regions and areas, which is well addressed in the substantive geographic literature. For exam-
ple, Bauman et al. have reported that Australians living in coastal postcodes are less likely to report being
sedentary and more likely to report levels of physical activity adequate for health than those living in inland
postcodes [303], while rates of physical activity—including walking for leisure and transportation—are regu-
larly reported to vary by degree of urbanisation and region of geographic residence in North America [e.g.
304–307]. It also encompasses the spatial expression of this variation and its distribution across geographic
areas [27, 308]. Spatial analysis is particularly useful for understanding variation in health behaviours and
outcomes [25, 308] because its emphasis is on location and leveraging (modelling) the underlying spatial
process giving rise to the observed geographic variation [309]. This is fundamentally different to simple
fixed effects approaches that reduce this variation to an analysis of differences between areas through a
set of dummy-coded variables, or focusing on reductions in intraclass correlation coefficients derived from
multilevel analyses that conflate unobserved spatial and non-spatial variation in a common random effect
term.
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Knowing that a health condition or risk factor is concentrated within a specific area is essential to the efficient
distribution of public health and other resources to address excess burden in population health needs [23].
Spatial analysis with its focus on location is especially well suited to informing public policy in this context
through its capacity to identify areas at increased risk and factors associated with geographically varying
risks [23, 308, 310]; it is also highly relevant for urban analysis of transportation and land-use applications
[311]. Spatial variation in health outcomes and behaviours in excess of that attributable to known factors may
indicate unobserved and geographically varying place-based influences on health and health-enhancing
infrastructure that are distinct from contextual effects arising from differences in the demographic, social
and economic composition of populations between small areas [24, 25]. For example, difference between
areas in the prevalence of walking may indicate varying levels of built environment infrastructure supportive
of active transport. Spatial analysis is also a potent tool for identifying environmental inequalities through its
capacity to draw connections between the geographic distributions of at-risk populations and their exposures
to environmental risks relative to other population groups [29, 312–315]. For example, Marshall et al. used
GIS overlays to show that low-income areas in Vancouver tend to have increased air pollution and lower
levels of walkability, while “sweet spot” locations with high walkability and low air pollution were mostly in
high-income city centres [39]; however, a similar study in Sydney using weighted road density to proxy air
quality for Census Collection Districts found that while “sweet spots” were also more likely to be located in
the city centre, they were unrelated to socioeconomic disadvantage [316].
The socio-spatial patterning of public and active transportation infrastructure—typically concentrated within
inner city and ring areas—is an important consideration for urban liveability design aimed at reducing social
gradients in the distribution of adverse environmental exposures and transportation disadvantages [317].
Neighbourhood walkability has also been identified as a second-wave environmental justice issue requiring
urgent action [318]. Preliminary support for the potential of spatial analysis to target infrastructure upgrades
that support active travel comes from spatial scan studies conducted in North America. Huang and col-
leagues have reported that clusters of high active transportation among residents of Los Angeles and San
Diego counties are associated with living in census block groups that have higher population, employment,
street, block and intersections densities; shorter average block lengths; and a bus route [300]. In contrast,
low active transportation clusters were associated with lower population, employment, street, block and in-
tersection densities; longer average block lengths; and were less likely to have a bus route in them [300].
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Tamura et al. also reported that high population and intersection density, and diversity and density of fa-
cilities, within a 1200 m network buffer were associated with being in two of seven high physical activity
clusters in California and Massachusetts, and all low obesity clusters in Pennsylvania using data from the
2004 Nurses’ Health Study; however, they also reported significantly lower levels of these environmental
variables in another two high physical activity clusters in California and Massachusetts [301].
Spatial analysis can be performed at both disaggregated (individual) and aggregated (area) spatial scales.
Given urban design and health planning typically occur at community and population levels [13–15], and
often with limited access to individual-level data [319, 320], analysis at these planning spatial scales is
likely to be most informative both for evaluating the extent to which individual-level walkability exposure-
response relations scale to population levels, and the extent to which walkability may contribute to spatial
variation in population health needs [321]. The latter is especially important from an equity perspective to
ensure action addresses populations at greatest need [317, 322]. In this context, “community” scale defines
a spatial extent or administrative area within which a jurisdictional body has authority to make and effect
urban design and health planning decisions and actions [323], such as a suburb, local government area, or
other smaller or larger geographic region. This pragmatic definition reflects the multi-jurisdictional nature of
urban design and health planning both in Australia and internationally, which occur at local [13], urban [14]
and regional [15] scales—often simultaneously.
A commonly employed spatial analytic framework in epidemiology is “disease mapping” [324, 325], which is
undertaken to produce smoothed maps and evaluate specific hypotheses [326]. The object of disease map-
ping is to recover the “true” risks or prevalence of outcomes across a geographic extent that are “smoothed”
of unreliable extreme estimates, which can arise due to differences in the sizes of the underlying “at risk”
populations between small areas [308, 324, 325, 327]. These extreme estimates tend to dominate visual-
isations (maps) because of the inverse association between population size and land area [328]; that is,
large geographic extents tend to have smaller populations. Applications in the epidemiological literature
principally employ the Besag, York and Mollié (BYM) conditional auto regression (CAR) model [329] for dis-
ease mapping [325, 330–332]. The BYM model is a fully Bayesian spatial model for ecological (area-level)
data that decomposes (separates) the variation within a map into (1) unstructured (non-spatial) variance
that is smoothed towards a global mean for the entire study area and (2) structured (spatial) variance that is
smoothed towards local means usually defined by the conterminous (queen) neighbours of each spatial unit
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within the map [325], although other adjacency matrices using distance- and similarity-based functions are
sometimes used [see 333]. Originally developed for removing noise from pixel images [308, 329], the pop-
ularity of the BYM CAR model is largely attributable to its robustness to misspecification [326, 331]; ease of
implementation in freely available statistical software [325, 330, 332]; and capacity to incorporate covariates
in the analysis [325]. This last feature is highly germane for walkability research and planning because it
allows both area-level associations between walkability and population health needs to be evaluated, as well
as the extent to which walkability contributes to spatial variation in population health needs. Mapped output
arising from these analyses may also be useful for communicating both geographically varying population
health needs and the potential for walkability strategies to address these needs [e.g. 334–336].
Applications of spatial analysis within the walkability literature are uncommon, and principally utilise what
is known as “exploratory spatial data analysis” [see 337]. For example, Tribby et al. employed Moran’s I, a
global test of spatial autocorrelation [338], to assess the spatial coherence of individual-level activity spaces
for built environment research, which showed that those with similar network attributes were co-located or
clustered in their study area and spatially separated from activity spaces with different network attributes
[199]. Awuor and Melles have also reported using Moran’s I to identify spatial dependence in the risk
of premature mortality in 140 City of Toronto neighbourhoods that remained after adjusting their regression
analysis for two principal components comprising health service, demographic, and environmental variables,
including objectively measured walkability index data [339]. Likewise, the analyses of Huang et al. [300]
and Tamura et al. [301] also comprise exploratory analyses because their focus was on group-differences
between clusters rather than the correlates of cluster locations. A small number of more analytic applications
exist in the literature. For example, Lee, Sung and Woo used spatial-lag and spatial-error regressions that
control for spatial autocorrelation to demonstrate that not only are pedestrian volumes related to the five
dimensions of design in Seoul, Korea; but that they are spatially dependent and vary between residential
and commercial zones [340]. However, these analyses are rare despite their potential to inform urban and
health planning, and most “spatial” applications typically rely on naïve map visualisations to display the
outputs of standard statistical approaches [e.g. 341, 342].
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FIGURE 2.1. Pathways linking walkability to physical activity, high body mass and psychosocial distress
Diagram adapted from Frank et al. [251]. Solid lines indicate stronger evidence for associations; dashed lines indicate weaker evidence for associations. See
section 2.3 for a review of evidence linking walkability to priority public health outcomes.
2.5. Implications for Using Walkability Indexes to Address Population Health Needs
The previous sections demonstrate the considerable variability in the strength of the evidence base for differ-
ent health outcomes: it is strongest for physical activity—especially walking for utilitarian purposes; weaker
for high body mass; and developing for psychosocial distress. Figure 2.1 shows possible pathways between
walkability and these priority public health outcomes. Bird et al. have observed that establishing causal
relationships between the built environment and health outcomes is challenging because the evidence base
is largely cross-sectional, relationships complex, and intervention studies lacking [91]. However, they also
acknowledge that it is voluminous and cannot be ignored [91]; a view shared by Towshend and Lake [343].
Regardless of the certainty in the evidence base, walkability objectives have already been incorporated into
development plans to address population health needs [e.g. 97–101].
The evidence reviewed in the previous sections raises two issues relevant to the use of walkability indexes in
planning for population health needs. First, studies principally focus on inference at the individual level, while
relations at the population level are largely ignored. This is potentially problematic for planning because it
assumes individual-level walkability relations scale to population levels [17]. These assumptions are rarely
considered or evaluated. Using individual-level walkability evidence to inform population-level applications
leaves open the potential for flawed public health action [17]. This is the area-level corollary of Robinson’s
ecological fallacy [18] known as atomistic [19] or individualistic [20] fallacy, and refers to the erroneous use
of data on individuals to make inferences about groups [21]. Second, the evidence base across all outcomes
has largely dealt with geographic variation between areas and individuals in an uninformative manner that
provides limited or no information on the spatial expression of residual variation in outcomes that remains
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after accounting for known demographic, social, economic and health factors [24, 25, 32]. Knowing whether
walkability contributes to this residual variation is essential to understanding the potential of walking-related
environmental interventions to address population health needs.
The extent to which population outcomes are related to walkability, and whether walkability contributes to
geographically structured differences between areas, are key considerations in the utilisation of objective
walkability indexes for planning purposes. These issues can be addressed by undertaking analyses at
the geographical scale of planning, which has been identified as highly relevant for “local area” walkability
planning because evidence is generated at the level where decisions are made [13]. It also addresses
calls from planners and policy-makers for more evidence at these jurisdictional scales [15, 151, 344, 345],
and is consistent with the outcomes of a recent umbrella review that highlighted the “importance of local
evidence-based action to ensure settings- and place-based approaches provide opportunities for people to
live healthier lives” [91, p.11]. Analyses that leverage spatial relations across geographic areas are likely to
be especially useful for these purposes [31, 32, 309, 346].
2.5.1. Policy, Planning and Practice Applications
Walkability is increasingly considered and applied within the context of “liveability”. For example, a live-
ability objective of The Greater Sydney Region Plan is to create healthy, resilient and socially connected
communities over the next 40 years by creating fine scaled urban form, mixed land use and amenity within
walkable urban centres [100]. Liveability objectives have also been incorporated into Plan Melbourne 2017–
2050 within the context of developing neighbourhoods that will allow residents to meet most of their daily
living needs within a 20 minute walk, bicycle or public transport trip of their home [99]. Infrastructure Aus-
tralia has defined liveable cities as “equitable, socially inclusive, affordable, accessible, healthy, safe and
resilient. They have attractive built and natural environments and provide a diversity of choices and oppor-
tunities for people to live their lives, share friendships, and raise their families to their fullest potential” [347,
p.7]. Walkability contributes to liveability by promoting active travel choices, which have health, social and
environmental benefits including habitual participation in health-enhancing physical activity, increased op-
portunities for social interaction, reduced carbon emissions, and improved air quality [348–351]. Walkability
has been identified as a promising liveability indicator [351], and a composite index similar to the SWI has
been used to benchmark walkability across Australian capital cities at the suburb level [352]. Walkability
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component factors including residential dwelling density, street connectivity and land use mix also appear to
provide policy-relevant indicators for guiding urban planning for transport walking when appropriately oper-
ationalised in GIS [137]. However, it is important to note that walkability is just one component of liveability,
which also encompasses neighbourhood density, greater mixed land use development, and greater access
to active and public transport infrastructure and services [353].
In Sydney, planning policy related to walkability has been formalised at a regional level within The Greater
Sydney Region Plan [100]. The aim of this plan is to create three “cities” within the greater Sydney region
focused around integrated and walkable networks that facilitate access to employment, services, amenity
and social interactions within a 30 minute active and/or motorised transport trip from residents’ homes [100].
This plan provides the basis for other key development plans comprising walkability objectives within the
greater Sydney region. For example, walkability has been identified as an essential requirement for precincts
created as part of the planned Western Sydney Aerotropolis to ensure that the sustainability, liveability
and connectivity objectives of this development are met [354]. The draft Western Sydney Aerotropolis
Plan identifies the need for fine grain, walkable street infrastructure supporting multiple land uses that are
interconnected by green corridors to facilitate amenity and urban cooling across the development [354].
Residential development within the core Aerotropolis precinct has also been limited to a maximum walk
distance of 800 m (20 minutes) to public transport infrastructure [354]. Increasing mode share of walking
trips at local and district levels by improving walkability was a key goal of the NSW Healthy Eating and Active
Living Strategy [102], while making walking quicker, easier and more appealing by reducing intersection
delays and improving the amenity and safety of walking interchanges remains central to the Sydney City
Centre Access Strategy [355, 356]. Walkable places are also a key performance indicator for six of the
ten directions monitored on the Greater Sydney Dashboard [357] and the foundation of City of Sydney’s
Walking Strategy and Action Plan 2015–2030 [358].
At a national level, improving the walkability of built environments was initially supported through the Our
Cities, Our Future national urban policy, which sought to encourage the development of urban spaces that
promoted healthy lifestyles through walking networks; create a best-practice Australian urban design proto-
col; require the use of national criteria for capital and regional major cities strategic planning systems; and
establish a national urban policy forum to advise on national urban policy implementation [347]. This policy
also included criteria for the strategic planning of capital cities that addressed nationally-significant policy
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issues including health, liveability and community wellbeing [347]. More recently, national walkability policy
has been promoted within the context of the Australian Prevention Partnership Centre’s (APPC) National
Liveability Study [359], which developed and validated a set of national liveability indicators associated with
chronic disease and health outcomes [137, 352, 360, 361]. The intent of these indicators was to provide a
standard set of metrics for comparing differences in liveability between and within cities, including for walk-
ability [359, 360]. Scorecards and priority recommendations were made for Sydney [362], Melbourne [363]
and Western Australia [364]; however, they have not yet been incorporated into a national urban design
policy framework, although a walkability index has been identified as a possible future indicator within the
National Cities Performance Framework [365].
There is high interest in the potential of objective environmental measures and walkability indexes to inform,
benchmark, target and evaluate policy, planning and practice activities [1, 7–11, 137, 351, 366]. The evi-
dence bases linking walkability to priority public health outcomes are principally derived at the level of the
individual, although some area-level evidence is available [e.g. 12, 147]. In contrast, health needs assess-
ment and planning typically occur at coarser local, urban and regional scales [13–15]; that is, for commu-
nities and populations, and not the built environment surrounding individual residences. For example, the
North Jersey Transportation Planning Authority uses regional analysis of walkability components to identify
local areas where investments in pedestrian strategies may increase walking trips [367]. Demonstrating as-
sociations between walkability indexes and population health needs at planning scales is an important step
towards their utilisation for planning purposes, and will address concerns regarding the potential for spurious
cross-level action [17]. Understanding the extent to which walkability contributes to geographical (spatial)
variation between planning units is also essential if walkability indexes are to be used to benchmark, target,
monitor and evaluate planning activities.
The potential planning and policy applications of walkability indexes are well established in the literature. Sal-
lis et al. [8] and Bauman et al. [8, 10] noted the capacity of objective built environment measures—including
walkability—to inform and evaluate environmental policy interventions aimed at addressing population-levels
of physical activity. This capacity was demonstrated by Ewing and Cervero who incorporated travel demand
elasticities associated with density, diversity and design factors into a Smart Growth Index for informing
planning decisions to influence trip frequencies and lengths, and travel mode choices [9]. In addition to
identifying the association between high walkability neighbourhoods and greater numbers of utilitarian walk
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trips, Saelens et al. identified the urgent need to develop and utilise objective walkability indexes to facilitate
the translation of built environment research outcomes across neighbourhoods [5]. Likewise, both Leslie
et al. and Frank et al. noted the potential of their area-level indexes to inform policy that promotes walk-
ing by identifying areas for strategic infrastructure developments [1, 12]. In this context, indexes could be
employed across large geographic regions to flag low walkability areas for more intensive investigation to
identify opportunities to improve density, connectivity and land use [1].
More recently, Giles-Corti and colleagues have emphasised the potential of objective indexes for bench-
marking walkability to monitor planning, policy and design interventions aimed at improving walkability, and
to translate walkability research from rhetoric to action [7]. The authors describe the development of an open
source walkability research and planning tool for Australia that utilises a three factor PLACE-NQLS walka-
bility index comprising population density, street network connectivity and land use mix. Inconsistent land
use classifications across Australian jurisdictions prohibited the construction of a national index; however,
the project demonstrated the feasibility of developing an open source tool that could construct walkability
indexes at multiple spatial scales for research, planning and advocacy purposes; and for benchmarking
walkability within and across cities to influence policy and planning [7].
This work was subsequently expanded as part of the Creating Liveable and Healthy Communities research
project’s Australian National Liveability Study, which was funded by The Australian Prevention Partnership
Centre [359, 368]. This study sought to develop, validate and disseminate a set of policy-relevant national
urban liveability indexes that were related to health and wellbeing, and could be used to benchmark liveability
differences between and within Australian cities [359, 369]. This work built on an earlier review of the
literature, which identified seven domains of liveability that could be measured using routinely collected
data, including walkability [351]. A subsequent review was undertaken of state and territory urban design
and planning policies to identify a set of indicators that could be spatially operationalised at a national level
to benchmark urban centres [137, 352, 369]. Five policies were identified for walkability: street connectivity;
street block length; dwelling density; land use mix and diversity; and access to an activity centre (a town or
large neighbourhood centre with a full-sized supermarket), which were associated with walking for transport
in Melbourne, independent of individual-level characteristics [137]. However, substantial confounding was
observed in multivariate models including all spatial measures, with only dwelling density and land use mix
and diversity remaining statistically significant despite the importance of street layout for urban design [137].
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This is consistent with the known spatial multicollinearity of built environment variables [5, 63], and highlights
the utility of composite indexes for modelling walkability [see 12].
The final walkability index (indicator) that emerged from The Australian National Liveability Study comprised
street connectivity—number of intersections with three or more legs per km2; dwelling density—number of
dwellings per hectare; and number of three “daily living” destination types present—convenience store, pub-
lic transport stop, and supermarket. Daily living destinations were used in the index to address the problem
of inconsistent national land classification data identified in their earlier work [7], but also to provide a more
specific indicator of land use mix and access to destinations [137, 370]. Most recently, these researchers
have demonstrated the potential of implementing an expanded version of this index additionally compris-
ing housing diversity and local living destinations within a planning support system to evaluate the effect
of planning scenarios at fine spatial scales on the probability of walking for transport [170]. An important
outcome of The National Liveability Study was the observation that aspirations for more walkable cities were
often inconsistent with measured spatial policy standards for Australian cities [137, 352, 369]. For example,
the liveability scorecard for Sydney found that while walkability was best in the south and inner-west city
area, it was poorer on the urban fringe [352, 362] and Sydney lacked consistent spatial policies on street
connectivity, mixed land use and access to destinations [362]. This inconsistency within cities was repeated
across Australia, and resulted in recommendations on the need for spatial indicators to benchmark perfor-
mance and a move towards regional governance of cities to ensure the harmonisation of state and local
urban design and planning policies [352].
Another potential policy application of objective walkability indexes is as environmental health indicators to
track the health impacts from environmental exposures on communities. This possibility is currently being
explored by the Human Health and Social Impacts Research Node—a partnership between The University
of Sydney, Edge Environment, the NSW Office of Environment and Heritage, and NSW Health—using the
World Health Organization’s Driving forces, Pressures, States, Exposures, Effects and Actions (DPSEEA)
[371, 372] conceptual framework. This framework systematises the link between between environmental
exposures and health effects, and provides entry points within the system for actions (intervention) [373].
Driving forces represent the social, economic and political factors that act on the environment, which gen-
erate pressures resulting in environmental changes that produce an observable state of the environment,
while exposure to these risk factors result in a health outcome [371, 372]. Environmental health indicators
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within this framework are oriented around risk-outcome pairs [371, 372]; for example, insufficient physical
activity and cardio-metabolic disease. Walkability in this context provides an indicator of the state of the
environment resulting from the driving forces of transport and urban design policy and planning that create
pressures on land use [374]. Action within the system could also be measured over time by observing
spatio-temporal changes in walkability index values for jurisdictional units of interests. A particular strength
of the DPSEEA approach is its capacity to apply health impact assessment to estimate future health bene-
fits using “what if” scenarios that modify environmental exposures through policy interventions [371], such
as improving walkability within spatial units. However, unlike the planning support system scenarios of
Boulange et al. [170], DPSEEA scenarios focus on health outcome benefits for populations and require
area-level estimates of walkability.
2.6. Conclusions
This chapter has provided a review of the walkability literature with an emphasis on objectively measured in-
dexes; their relationship to three priority public health outcomes; and their potential use in urban design and
public health planning that addresses population health needs. Two assumptions were identified that un-
derpin this latter application: (1) that a walkability exposure-response relationship exists at the spatial scale
where planning occurs; and (2) walkability contributes to geographic (spatial) variation between planning
units that can be leveraged to inform decisions and prioritise action. However, neither had been adequately
addressed in the walkability literature for the outcomes considered. Addressing these assumptions is highly
relevant because there is: (a) uncertainty in the research literature about both the extent to which micro-level
correlates of health outcomes manifest at population scales [16]; and (b) concern about the appropriateness
of using individual-level evidence to inform population-level action [17]. The research described in the fol-
lowing chapters evaluated these assumptions for the Sydney area using a PLACE-NQLS walkability index
and data on physical activity, high body mass, and psychosocial distress from a large, population-based
cohort as motivating examples. The research also employed innovative geospatial statistical methods to si-
multaneously evaluate assumptions 1 and 2 by leveraging the spatial autocorrelation that is typically ignored
in walkability research studies but likely to be informative for research, policy and planning purposes.
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Methods
The first aim of this thesis was to validate the Sydney Walkability Index (SWI), and a full description of
the methods used to achieve this are reported in chapter 4. The current chapter provides an expanded
description of the methods reported in chapters 5–7, which were abstracted from this chapter to comply
with journal style requirements. These studies used Bayesian ecological spatial analyses of baseline data
from the 45 and Up Study [45] to address thesis aims 2 and 3, and research questions 2–4.
3.1. Study Area and Design
The study area for chapters 5–7 comprised the Sydney Statistical Division (SD), Australia, as defined in
the 2006 Australian Standard Geographical Classification (ASGC) [375] and shown in Figure 3.1. This
geographic definition was chosen to temporally align with the baseline data collection of the New South
Wales (NSW) 45 and Up Study [45], which provided the individual-level data for the research presented
in this thesis (see Participants selection below). In 2006 the Sydney SD had a population of 4.1 million
persons living in 1.6 million dwellings [376] and covered a land area of 12142 km2 extending from the local
government areas of Gosford and Wyong in the north to Wollondilly in the south, and from Blue Mountains
and Hawkesbury in the west across to the eastern seaboard. Individual-level data were provided by the
45 and Up Study data custodian geocoded to 2006 Australian Census of Population and Housing postal
areas [377]. In 2006 there were 260 conterminous postal areas in the Sydney SD (see Figure 3.1) with a
median land area of 7.6 km2, 5304 residential dwellings and 13090 residents [376]. Table 3.1 summarises
the geographic and population characteristics of Sydney postal areas at the 2006 Census.
TABLE 3.1. Summary of Sydney postal area characteristics (n = 260)
Characteristic Minimum Quartile 1 Median Quartile 3 Maximum Mean SD
Residents (total) 80.0 6,529.2 13,090.0 22,092.0 85,328.0 15,842.1 12,831.1
Residents (≥45 years) 7.0 2,401.2 4,958.0 7,701.5 28,144.0 5,709.3 4,574.0
Dwellings 8.0 2,694.5 5,304.0 8,425.5 31,404.0 6,212.0 4,820.5
Land area (km2) 0.6 3.7 7.6 19.4 1,937.0 46.7 169.2
SD standard deviation
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FIGURE 3.1. Map of the Sydney Statistical Division (study area) showing Census Postal Areas used as
units of analysis
All studies utilised a cross-sectional design to investigate geographic variation in physical activity, over-
weight and obesity, and psychsocial distress, and their relationships to postal area-level walkability within a
Bayesian disease mapping and ecological framework. Disease mapping is a geospatial method frequently
used to recover small-area (ecological) risk estimate maps of morbidity and mortality [324] but may be
extended to other health and population data [378], such as risk factors and behaviours. In addition to re-
covering postal-area prevalence estimates, disease mapping models were also fitted as ecological spatial
regressions to describe associations between geographic variation in outcomes and postal area-level walk-
ability that included adjustment for both individual and area-level covariates. All analyses were performed
using 2006 Australian Census postal areas as the unit of analysis, which were temporally aligned with the
timing of the baseline data collection for the 45 and Up Study [45]. Postal areas were the finest spatial
unit that the data custodian would release 45 and Up Study data for analysis in this thesis. Individual-level
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date were incorporated into ecological models by aggregating outcome and covariate frequencies within the
geocoded postal area identifiers provided.
Postal areas are Australian Census of Population and Housing output areas developed by the Australian
Bureau of Statistics to best approximate Australia Post postcodes [379, 380]. In 2006 this was done by
assigning Census Collection Districts to the postcode within which the majority of its residential address
points fell [379]. Although the primary purpose of postcodes is to assist with mail delivery [379], they are
frequently used for aggregating and analysing address data in Australia [379, 380], and provide socially
and economically cohesive population catchments [see 381, 382]. They also represent an aggregation
level at which health information is routinely collected in administrative data collections and released for
geographic analysis [e.g. 383–388]. In Sydney, the median land area of postal areas corresponds to a radial
buffer of 1550 m (see above). This falls within the upper range of “high resolution” buffers typically used
for individual-level research at which context-specific exposure-response associations for walkability have
been reported across adult life stages, including older adulthood [196, 197]. Spatial extents of this size
have also been used to demonstrate the feasibility of developing planning support systems for walkability in
Melbourne, Australia [170], and have been used for both health and environmental surveillance in Australia
[e.g. 389–392]. As such, postal areas represented a spatial extent at which urban design and health planning
around walkability would likely be expected to occur, rather than a planning unit per se, and therefore
reasonably representative of the many and varied urban design and health planning units used at local,
urban and regional scales. However, the spatial extents and populace of postal areas in Sydney may not be
representative of geographies relevant to walkability planning and surveillance in other settings.
3.2. Participants
Participants were selected from members of the Sax Institute’s 45 and Up Study, a population-based cohort
established between January 2006 and December 2010 to investigate healthy ageing among persons 45
years and older living in NSW, Australia [45]. Prospective participants were randomly sampled from the
Medicare Australia enrolment database and invited to return a completed consent form and baseline ques-
tionnaire via mail [45]. People aged ≥80 years were oversampled by a factor of two, and rural and remote
populations were also oversampled; however, neither of these subgroups are resident within the Sydney
area [45]. Sampling strata were derived using residential and demographic characteristics only; no spatial
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units were used to construct the sampling frame. The 45 and Up Study includes approximately 10% of
the NSW population and had a response rate of 18% [45]. This is similar to other international population
cohorts that seek consent for data linkage [e.g., 393, 394], and consistent with the global trend of reducing
participation rates in epidemiological studies [395]. Participant addresses were geocoded to property par-
cel centroids by the Sax Institute (data custodian) using the Freely Extensible Biomedical Record Linkage
software package [396], and then assigned to coarser 2006 Australian Census of Population and Housing
statistical output areas to preserve confidentiality [377]. These individual-level data were provided with 2006
Census postal area identifiers for all for 266,848 persons recruited to the study between January 2006 and
April 2010 [397]. This research used the 115,153 persons from this data release that were geocoded to the
Sydney Statistical Division to correspond with the spatial extent of the study factor. The age distributions
of these respondents by postal area are reported in table A.1 of appendix A. Only data from the baseline
questionnaire of the 45 and Up Study were approved for use in this research by the data custodian.
3.3. Data
All individual-level data were obtained from self-reported responses to the baseline questionnaire of the 45
and Up Study, which were collected between January 2006 and December 2010 [45]. These data were
used to derive respondent-level physical activity outcomes and covariates. Area-level data included the SWI
[36] (see chapter 3) and 2006 Index of Relative Socioeconomic Disadvantage [398], which were calculated
for 2006 Australian Census postal areas. The SWI served as the study variable in analyses, and the Index
of Relative Socioeconomic Disadvantage was included as an area-level covariate. Detailed descriptions of
outcome, study and covariate variables are provided in the following sections.
3.3.1. Outcome Variables for Physical Activity Analyses
Three physical activity outcome measures were defined a priori : sufficient health-enhancing moderate and
vigorous physical activity (MVPA), sufficient health-enhancing moderate-intensity walking, and high MVPA.
Each outcome was derived from self-reported responses to six questions from the Active Australia Survey
[399]. The first set of three questions asked respondents to report separately the number of times in the
last week they had: (i) walked continuously for at least 10 minutes for recreation or exercise or to get to or
from places; (ii) participated in vigorous physical activity that made them breathe harder or puff or pant like
jogging, cycling, aerobics, competitive tennis, but not household chores or gardening; and (iii) participated in
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moderate physical activity like gentle swimming, social tennis, vigorous gardening, or work around the house
[399]. The second set of three questions asked participants to report the total time in hours and minutes
they spent engaged in each type of physical activity during the previous week. The Active Australia Survey
has acceptable validity and reliability in adults [399] and older adults [400], and is used within Australia to
estimate prevalence and monitor trends in population-levels of sufficient health-enhancing physical activity
[401]. All outcome measures were coded as dichotomous variables indicating sufficient health-enhancing
total MVPA and moderate-intensity walking, and whether the respondent participated in high MVPA. Area-
level prevalence estimates were then obtained by enumerating the number of participants in the ith postal
area with the outcome of interest and expressing this as a percentage of the total number of respondents in
that postal area.
3.3.1.1. Sufficient Total Moderate and Vigorous Physical Activity
Sufficient total MVPA to enhance health was defined using the standard Active Australia Survey algorithm,
which considers both total frequency (sessions) and duration of moderate (including walking) and vigorous
physical activities [399]. Total moderate and vigorous physical activity was calculated as the sum of total
minutes engaged in walking and other moderate-intensity activities plus two times the total number of min-
utes engaged in vigorous physical activities. Respondents were classified as sufficiently active for health if
they accumulated ≥150 minutes of physical activity over five or more sessions of at least 10 minutes du-
ration during the previous week. This criterion met the National Physical Activity Guidelines for Australians
[402] recommendation for the time period this thesis covered. The double weighting for vigorous physical
activity reflects its greater intensity [403], while the threshold of at least five sessions operationalises the
Guidelines’ [402] requirement that adults be active on most days of the week and assumes sessions are
most likely to occur on separate days [403].
3.3.1.2. Sufficient Moderate-intensity Walking
Sufficient moderate-intensity walking to enhance health used the same frequency and duration criteria as
sufficient moderate and vigorous physical activity for health but only considered total moderate-intensity
walking sessions and minutes in calculations. The intent of this outcome measure was to identify respon-
dents who met the National Physical Activity Guidelines for Australians [402] recommendation from walking
alone (i.e. ≥150 minutes of walking accumulated over ≥5 session of at least 10 minutes duration in the
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previous week). Walkability indexes such as the SWI are most specific for utilitarian walking [1, 12, 44] but
are also sensitive to total moderate-intensity walking [2, 11, 57, 80, 81, 89] (see section 2.3.1), which likely
reflects the large contribution active transportation makes to total moderate intensity walking [404, 405].
Total moderate-intensity walking was included as it represented the most behaviourally consistent physical
activity outcome for investigating walkability that could be derived from the Active Australia Survey for the
45 and Up Study cohort.
3.3.1.3. High Physical Activity
High MVPA was categorised by applying a modified Active Australia Survey duration criterion of ≥300 min-
utes to total moderate and high-intensity physical activity minutes. The purpose of this outcome was to
identify respondents at or above the upper Australian physical activity guideline limit of 300 minutes of total
moderate and high-intensity physical activity per week [406]. This represents a level of physical activity at
which even more health gains are accrued [69], and potentially a minimum level of activity required for the
primary prevention of weight gain and some cancers [70, 407–410]. Respondents were considered highly
physically active if they reported total MVPA ≥300 minutes in the previous week accumulated over five or
more sessions [411]. This outcome was also included to evaluate the specificity of the SWI for moderate-
intensity walking, and was not expected to be related to walkability as individuals generally achieve this level
of physical activity through greater volumes of vigorous-intensity physical activity [69, 70].
3.3.2. Outcome Variables for High Body Mass
The primary outcome measures used for high body mass analyses were self-reported overweight and obe-
sity, which were defined using the standard body mass index (BMI) formula of weight in kilograms (kg) over
height in metres (m) squared (kg/m2) and World Health Organization cut-points of 25.0–<30.0 kg/m2 for
overweight and ≥30.0 kg/m2 for obesity [412]. Objectively measured anthropometrics are preferred to self-
reported heights and weights for body mass assessment because they are more reliable [413], but were
unavailable for 45 and Up Study cohort members. Self-reported BMI has, however, been validated against
measured BMI as a generally appropriate method for quantifying body size in the 45 and Up Study cohort,
although it is known to underestimate prevalence of obesity when classified using standard BMI categories
[414].
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3.3.3. Outcome Variable for High Psychosocial Distress
Psychosocial distress served as the outcome factor in our analysis, and was measured using the Kessler
Psychological Distress Scale (Kessler 10) [415]. The Kessler 10 is a dimensional measure of non-specific
psychosocial distress developed to discriminate between cases and non-cases of serious mental illness in
community populations [415]. The scale comprises 10 questions that ask respondents to rate how frequently
over the past four weeks they felt tired for no good reason; nervous; so nervous that nothing could calm them
down; hopeless; restless or fidgety; so restless that they could not sit still; depressed; that everything was
an effort; so sad that nothing could cheer them up; and worthless [415]. Item responses are scored from 1
(none of the time) to 5 (all of the time) and then summed to give a total between 10 and 50. In Australia,
scores of 22–29 and ≥30 are sensitive and specific for high and very high levels psychosocial distress
in community populations, respectively [416]; specific for any current anxiety or affective disorder [417];
and associated with other mental disorder categories, and presence of any current mental disorder [417]. A
single, binary outcome variable was created that classified individuals with a total scale score ≥22 as having
high (or very high) psychosocial distress for consistency with existing state and national representative
surveys monitoring population levels of psychosocial distress [416, 418–420]. List-wise exclusions due
to incomplete item responses were minimised by imputing invalid and missing data using the pairing up
and mean substitution methods implemented in the Household, Income and Labour Dynamics in Australia
Survey [421].
3.3.4. Study Variable
The study variable of interest for all spatial analyses was walkability measured at the postal area-level using
the abridged SWI [36]. This index operationalises three measures of the built environment associated with
walking for utilitarian purposes within a geographical information system:
1. Residential dwelling density—the number of residential dwellings per square kilometre of residential land
use;
2. Intersection density—the number of intersections with three or more road junctures per square kilometre
of total land area; and
3. Land use mix—the entropy of five land use classes (residential, commercial, industrial, recreational and
other uses) adjusted for differences in the size of spatial units [207].
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Environmental variable values were divided into deciles, scored from 1 (lowest) to 10 (highest), summed to
give a total score out of 30, and then divided into quartiles corresponding to low, low-medium, medium-high
and high walkability [36]. Index values were temporally referenced to calendar year 2007 to coincide with
the approximate midpoint of the baseline data collection of the NSW 45 and Up Study [45]. The predictive
validity of the three-item SWI and the comparability of its measurement properties to four-item indexes are
reported in chapter 4 and its associated publication [44].
3.3.5. Covariates
Spatial analyses were adjusted for individual and area-level correlates and determinants of physical activity,
overweight and obesity, and psychosocial distress that were identified a priori from the research and 45 and
Up Study literature [e.g. 146, 195, 422–438]. This was undertaken to reduce the potential for confounding of
walkability estimates by contextual effects arising from differences in the demographic, social and economic
composition of populations between postal areas [24, 25].
3.3.5.1. Individual-level Variables
Individual-level covariates included sex (male, female); age group (45–49, 50–54, 55–59, 60–64, 65–69,
70–74, 75–79, 80–84, ≥85 years); language spoken at home (English, other); education level (less than
secondary school, secondary school graduation, trade, certificate or diploma, university degree); relation-
ship status (partner, no partner); employment status (full-time work, part-time work, not working); health
insurance type (private with extras, private without extras, government health care card, none); smoking
status (never smoked, past smoker, current smoker); body mass category (underweight, normal weight,
overweight, obese) (chapters 5 and 7 only); level of psychosocial distress measured using the Kessler Psy-
chological Distress Scale [415] (minor, moderate, high, very high [416, 416, 419, 420]) (chapter 6 only); total
weekly minutes of moderate and vigorous intensity physical activity (0, 1–149, 150-299, and ≥300) from
Active Australia Survey [399] (chapter 7 and high body mass sensitivity analyses included in appendix B);
number of chronic conditions ever diagnosed (0, 1, 2, 3 or more); number of chronic conditions treated in
the last month (0, 1, 2, 3 or more); physical function limitation (none, minor, moderate, severe); and role
limitation due to emotional problems (none, minor, moderate or severe) (chapter 5 only). The last two co-
variates were derived by applying the RAND 36-Item Health Survey (Version 1.0) [439] scoring algorithm
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to the Medical Outcomes Study 36-item Short-Form Health Survey (SF-36) physical functioning and role
limitation due to emotional problems sub-scales questions [440], respectively.
3.3.5.2. Area-level Variables
Socioeconomic disadvantage was measured at the postal area level using the 2006 Australian Census of
Population and Housing Index of Relative Socioeconomic Disadvantage (IRSD) [398]. The Index of Relative
Socioeconomic Disadvantage is derived from Census variables indicative of low socioeconomic wellbeing
such as percent of population ≥15 years with no post school qualification; percent of population unemployed;
percent of employed persons classified as labourers; percent of private dwellings with no motor car; and
percent of people who do not speak English. The index is a general measure of socioeconomic disadvantage
with low scores indicating relatively greater disadvantage compared to higher scores [398]. The distribution
of relative socioeconomic disadvantage for postal areas was divided into quintiles from 1 (high) through to 5
(low), and entered as categorical variables into statistical models.
3.4. Statistical Analysis
The objective of the statistical analyses performed in chapters 5–7 was to assess relations between area-
level walkability and geographic variation in prevalence of sufficient health-enhancing physical activity, over-
weight and obesity, and high psychosocial distress in the Sydney SD at a geographical scale analogous
to those at which health and urban planning decisions are made. This objective was most appropriately
addressed by an ecological analysis as the targets of inference were geographic areas and not individuals
[21]; however, adjustment for differences in the underlying structure of respondents between units of analy-
sis remains germane to ensure area-level effects are estimated over and above variation due to person-level
factors. The innovative focus on geographic variation encompassed more than just differences between ar-
eas, which is well addressed in the substantive literature [e.g. 41]. The analytic methods used also assessed
the spatial expression or distribution of this variation [27]. Spatial analysis is concerned with location [309]. It
leverages the underlying process giving rise to the geographic variation rather than reducing it to either (1) a
naïve dummy-coded comparison of areas in the case of fixed-effects analysis; or (2) diminutions in intraclass
correlation coefficients that conflate spatial and non-spatial sources of variation through a common random
effect term as in multilevel analysis [22]. In the current thesis, this was achieved by explicitly modelling the
53
3. METHODS
underlying spatial and non-spatial sources of variation in the data using a relative risk implementation of the
Besag, York and Mollié (BYM) conditional auto regressive model [329].
The BYM is a fully Bayesian spatial model fit to aggregate (ecological) data, which is commonly used
in epidemiology for “disease mapping” applications [324]. The goal of disease mapping is to recover a
map displaying variation in the geographic distribution of risks for spatial units within a study area that is
“smoothed” of unreliable extreme estimates that can arise from differences between units in the sizes of
their underlying populations [324]. The BYM model achieves this by decomposing map variation into an
unstructured variance component that smooths risk estimates towards the global mean of the study area,
and a spatially structured variance (geographic) component that smooths risk estimates towards the local
mean of neighbouring spatial units via a weighting matrix [324, 441]. These components also indicate
the extent to which map variation is due to structured (spatial) and unstructured (non-spatial) factors. The
BYM model can be extended to ecological regression problems by incorporating area-level covariates into its
specification [324] but cannot parsimoniously control for individual-level factors that may confound area-level
effect estimates. As such, the analyses in chapters 5–7 adopted a two stage modelling strategy whereby
individual-level regression models were used to estimate expected cases for each outcome, which were
then included in area-level spatial analyses as offset terms to adjust for the varying size and composition of
populations between spatial units [see also 442–444]. The following sections provide a technical description
of the analytic methods used in this thesis. Less technical overviews of the statistical methods can be found
in chapters 5 (p.87), 6 (p.118) and 7 (p.147).
3.4.1. Stage One Analyses
The purpose of the stage one analysis was to obtain expected numbers of study outcomes (ej ) for each of
the j postal areas to include as model offsets in stage two spatial analyses. Two sets of expected cases were
calculated for each study outcome using predicted probabilities from individual-level fixed-effects logistic
regression models. The first (null) model estimated predicted probabilities using the overall prevalence of
outcomes in the study area, while the second model conditioned these predicted probabilities on individual-
level covariates and determinants of outcomes previously identified in the research and 45 and Up Study
literature (see section 3.3.5.2). The predicted probabilities of each outcome for respondents were obtained
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using the inverse link function:
(3.1) pˆij =
e
ˆ`
ij
1 + eˆ`ij
where pˆij is the predicted probability of outcome for the i
th person in the jth postal area and ˆ`ij is the
predicted log odds of outcome for the ith person in the jth postal area from a logistic regression:
(3.2) ˆ`ij = α + xiβ
where α is the intercept (mean prevalence) and xiβ is an optional vector of individual-level covariates.
Total ej for each of the j postal areas were then obtained by summing over the pˆij from null and conditional
models:
(3.3) ej =
nj∑
k=1
pˆij
to give: (1) the unadjusted ej based on the overall prevalence in the study area (null model), and (2)ej
adjusted for the underlying structure of 45 and Up Study respondents in the study area (conditional model)
[see 442–444]. In the latter case, ej is adjusted up or down depending on (1) the relationship between
individual-level characteristics and outcomes in the study area, and (2) the distribution of individual-level
characteristics in each of the j postal areas [443]. For example, if the individual-level probability of an
outcome is inversely related to age, then ej for the j
th postal area will be adjusted up or down depending
on whether it comprises a greater number of younger or older respondents, respectively [443]. Expected
case counts were used as offsets in the stage two spatial Poisson regressions, and are referred to as
unadjusted and adjusted offsets, respectively.
3.4.2. Stage Two Analyses
The second analysis stage estimated prevalence ratios for 2006 postal areas from the ratio of observed
to expected outcomes using fully Bayesian risk implementations of BYM CAR spatial models [329] with
Poisson link functions. The BYM model is commonly used in the epidemiological literature for small-area
disease mapping estimation as it is readily implemented in standard software packages such as WinBUGS
and R; easily extended to include area-level covariates for the purposes ecological analysis [324, 332]; and
robust to a range of underlying risk models [325]. The model decomposes area-specific random effects
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for unobserved variables into a local, spatially structured variance component (sj ) and a global, spatially
unstructured heterogeneity variance component (uj ) [324, 441]:
(3.4) log(θj) = α + sj + uj + log(ej)
where θj is the prevalence ratio for the j
th area; ej is the expected number of cases for the j
th area,
which is derived from the sum of the predicted probabilities obtained in the stage one analysis; and α is
the overall prevalence ratio across the study region. This basic disease mapping model is extensible to
ecological regression problems by adding a vector of explanatory variables (xj ) for the j areas and a vector
of ecological parameter estimates (β) [324]:
(3.5) log(θj) = α + xjβ + sj + uj + log(ej)
Bayesian hierarchical models require the specification of prior distributions for the random effects. The
heterogeneity component (uj ) was given a normal prior with mean 0 and precision τ
2
u [324]:
(3.6) uj = N(0, τ
2
u)
and the local smoothing component (sj ) was given an intrinsic conditional autoregressive prior [324]:
(3.7) [sj|sk, i 6= j, τ 2s ] ∼ N(s¯j, τ 2j )
where
(3.8) s¯j =
1∑
k ωjk
∑
k
skωjk
(3.9) τ 2j =
τ 2s∑
k sjωjk
The ωjk are weights from a first-order queen continuity matrix where ωjk = 1 if the k
th area shares an arc
or vertex with the jth spatial unit otherwise ωjk = 0, thereby conditioning the risk in the j
th postal area
on the risk in its k neighbours. Variability of uj and sj are controlled by the hyper-priors τ
2
u and τ
2
s [324],
which were given Gamma priors of γ(0.5, 0.0005) as recommended by Lunn et al [445].
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The relative prevalence of outcomes in each area was estimated as the ratio of observed (oj ) to expected
(ej ) outcomes. Total oj served as the dependent variable in each model and represented the number
of respondents in the jth postal area with the outcome of interest. Total ej from stage one analyses were
entered as logarithmic offset terms in stage two analyses and represented the expected number of outcomes
in the jth postal area based on either (1) the overall prevalence in the study area, or (2) the individual-level
adjusted probability of outcome in the jth postal area. Six CAR spatial models of increasing complexity
were fitted for each outcome. Model 1 (M1) was an unadjusted mean model with ej from unadjusted stage
one models. This model was fitted using the disease map model in equation 3.4, and provided baseline
estimates of excess prevalence, and structured and unstructured heterogeneity in the study area. Model 2
(M2) was also fitted using equation 3.4 but included ej offsets from adjusted stage one models to account
for individual-level differences in the demographic, social, health and behavioural characteristics of the j
areas. Models 3–5 (M3–M5) were fitted using the ecological regression model in equation 3.5. Models 3
and 4 alternately added the SWI (M3) and relative socioeconomic disadvantage (M4) variables to Model 2 to
obtain estimates of excess prevalence, and structured and unstructured heterogeneity attributable to these
area-level factors. Model 5 investigated the effect of area-level variable adjustment on walkability estimates
by adding socioeconomic disadvantage to Model 3. Finally, Model 6 added an interaction term to Model 5 to
check for effect modification of walkability by relative socioeconomic disadvantage. Table 3.2 summarises
the parameters included in each of the six spatial models fitted in stage two analyses. A small constant
(10-5) was added to the numerator and denominator for all spatial units to ensure prevalence ratios were
well defined, including those with zero expected cases [333]. Extreme prevalence ratios resulting from this
procedure are smoothed towards one, while other prevalence ratios are left largely unchanged [383].
Model simulations ran two Monte Carlo Markov Chains from over-dispersed starting values. Each chain
was run for 2.5 million iterations with every 250th sample retained to reduce autocorrelation and improve
convergence. The first 5,000 retained iterations for each chain were discarded as burn-in and the remaining
samples were combined across chains to give 10,000 iterations from which posterior median and 95%
credible intervals (CrI) were calculated for inference. Chain convergence was confirmed by visual inspection
of trace and autocorrelation plots, and obtaining a Gelman-Rubin diagnostic value close to one [446]. For
each outcome, trace, density, autocorrelation and Gelman-Rubin plots were monitored for fixed effects,
marginal variances of s and u, and spatial fractions, and prevalence ratios (PR), s and u for a 10% (n=26)
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TABLE 3.2. Summary of parameters included in stage two analysis models
Model Fixed effects Random effects Offset (ej )
Intercept SWI IRSD SWI*IRSD Global (uj ) Local (sj ) Unadjusted Adjusted
M1 X X X X
M2 X X X X
M3 X X X X X
M4 X X X X X
M5 X X X X X X
M6 X X X X X X X
SWI Sydney Walkability Index, IRSD Index of Relative Socioeconomic Disadvantage
of postal areas including all those with a prevalence ratio relative standard error >25% (n=19) and a random
selection [see 447].
Spiegelhalter et al’s [448] Deviance Information Criterion (DIC)—a Bayesian analogue of the Akaike Informa-
tion Criterion (AIC)—was used to choose between spatial models of varying complexity with smaller values
indicating "better" models. Models with DIC values within 1–2 of the “best” model (smallest DIC) were con-
sidered strongly supported, and those within 3–7 of the “best” model only weekly supported; models greater
than 7 were considered inferior to the “best” model [330, 448].
The total relative prevalence for each postal area was decomposed into that due to the global relative preva-
lence (eα), unobserved spatial factors (esi ), and unobserved non-spatial factors (eui ) for all models [324].
Prevalence ratios were obtained by exponentiation of the parameter estimates for area-level walkability
(eβ1 ), relative socioeconomic disadvantage (eβ2 ) and their interaction (eβ1∗β2 ) for models M3–M6, respec-
tively [324]. Residual relative prevalence estimates for postal areas were calculated by exponentiation of
the sum of the spatial and non-spatial error terms in each model [324, 445]. These were presented as
choropleth maps to visualise changes in residual geographic variation across the study area. The marginal
variation of the spatial (σ2s ) and non-spatial (σ
2
u) random effects were used to calculate changes in variance
components between models and the spatial fraction (ρ), which indexes the proportion of variation between
areas attributable to unobserved spatial factors:
(3.10) ρ =
σ2s
σ2s + σ
2
u
All data management was undertaken in SAS version 9.4 and R version 3.2.2 [449]. Generalised linear
models were fitted using the R package stats version 3.2.2 [449] and Bayesian CAR models were fitted
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in WinBUGS version 1.4.3 [450] using the R package R2WinBUGS version 2.1-21 [451]. Choropleth
maps were produced using the R package ggplot2 version 3.1 [452]. Frequentist statistical models
were evaluated at the 5% alpha level, while Bayesian spatial models were evaluated using DIC and 95%
credible intervals summarised from posterior distributions.
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CHAPTER 4
Validity and Reliability of the Sydney Walkability Index
Preamble
This chapter addresses aim 1 of the thesis: to establish the reliability and validity of the Sydney Walkability
Index (SWI) [36]. This was necessary prior to its use in subsequent studies because unlike the four-attribute
Neighborhood Quality of Life Study (NQLS) [12] and Physical Activity in Localities and Community Environ-
ments (PLACE) Study [1] index on which it is based, the SWI does not include retail floor area data.
Retail data are available for <1% of Sydney’s land area [36], and are frequently unavailable or unsuitable
for walkability index construction in other cities [1, 7, 12, 174]. Abridged indexes similar to the SWI have
been used in other walkability studies [40, 112, 113, 453] but their comparability to four-attribute indexes
has not been evaluated. Methodological differences in the construction of walkability indexes is potentially
problematic for comparing results across studies in general [454], and the external validity of this research in
particular, if environmental retail attributes contribute variation to walkability indexes that deferentially affect
the size or direction of effect measures. This is plausible given there is some evidence that retail floor
area ratio is strongly associated with objectively-measured physical activity and self-reported walking for
transport [2, 455].
This chapter describes the construction, reliability and validity of the SWI used throughout this thesis. Com-
parability of three- and four-attribute indexes is assessed using reliability and validity methods, and rela-
tionships with regional estimates of utilitarian walking in the City of Sydney—the only jurisdiction for which
retail data are available. The reliability and validity of the SWI for the entire Sydney metropolitan region is
also assessed and compared against results for the comparability analyses. Findings reported in the index
construction and convergent validity subsections of this chapter include updated re-analyses of my original
SWI development work [36].
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An objective index of walkability for research and planning in the Sydney Metropolitan Region of
New South Wales, Australia: an ecological study
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4.1. Abstract
Background: Walkability describes the capacity of the built environment to support walking for various pur-
poses. This paper describes the construction and validation of two objective walkability indexes for Sydney,
Australia.
Methods: Walkability indexes using residential density, intersection density, land use mix, with and with-
out retail floor area ratio were calculated for 5,858 Sydney Census Collection Districts in a geographical
information system. Internal consistency and latent variable structure of the indexes were assessed using
Cronbach’s alpha and principal components analysis. Associations between area level characteristics were
evaluated using Spearman’s rank-order correlation coefficient (ρ). The convergent validity of indexes was
assessed using weighted kappa (κw) and predictive validity was determined by comparison with reported
walking to work at the 2006 Australian Census using logistic regression controlling for socio-demographic
factors. Spatial variation in walkability was assessed using choropleth maps and Moran’s I.
Results: A three-attribute abridged Sydney Walkability Index comprising residential density, intersection den-
sity and land use mix was constructed for all metropolitan Sydney as retail floor area was only available for
5.3% of Census Collection Districts. A four-attribute full index including retail floor area ratio was calculated
for 263 Census Collection Districts in the Sydney Central Business District. Abridged and full walkability
index scores for these 263 areas were strongly correlated (ρ=0.93) and there was good agreement be-
tween walkability quartiles (κw=0.73). Internal consistency ranged from 0.60 to 0.71, and all environmental
variables loaded highly on a single factor. The percentage of employed persons who walked to work in-
creased with increasing area-level walkability as measured by the abridged Sydney Walkability Index, with
3.0% in low income-low walkability areas versus 7.9% in low income-high walkability areas and 2.1% in
high income-low walkability areas versus 11% in high income-high walkability areas. The adjusted odds of
walking to work were 1.05 (0.96–1.15), 1.58 (1.45–1.71) and 3.02 (2.76–3.30) times higher in medium, high
and very high compared to low walkability areas. The magnitude of these associations was similar for full
and abridged indexes.
Conclusions: The abridged Sydney Walkability Index has predictive validity for utilitarian walking, will inform
urban planning in Sydney, and will be used as an objective measure of neighbourhood walkability in a large
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population cohort. Abridged walkability indexes may be useful in settings where retail floor are data are
unavailable.
4.2. Background
Walkability describes the capacity of built environments to support walking for multiple purposes [1] including
utilitarian purposes such as walking for transport [2]. Active transport may contribute to environmental
health, as well as to a population’s total daily physical activity [5, 67, 68, 456]. Increasing local opportunities
for transport-related walking through strategic land development and use is also a cornerstone of transport
and urban policies, such as the Sydney Metropolitan Strategy [457]. This strategy focuses on the next two
decades of urban development in Sydney, Australia, and identifies the need to design new urban growth to
support active walking and cycling [457].
Walking for utilitarian purposes is associated with the built environment attributes of proximity of destinations,
mixed land use, connectivity and population density [2, 5, 6, 78, 79]. Proximity and land use mix are inter-
related planning and urban design constructs. Proximity describes the distance between different land uses,
such as employment, retail and residential, and is defined by two variables: density and land use mix [5].
Density refers to the concentration of land uses within physical space and land use mix describes variation in
the patterning of co-located land uses. Neighbourhoods that are compact and have heterogeneous land use
encourage walking by reducing the distance between origins and destinations [1, 5], while higher population
densities provide the critical mass to support a range of destinations within a small area [2]. Connectivity
describes the directness of walking routes between origins and destinations using street and pedestrian
networks and infrastructure, and has a direct effect on proximity [5]. Connectivity is maximised by traditional
grid-based networks as they provide more direct and greater choice of routes resulting in more proximal
residential and non-residential destinations [2].
Objective measurement of the built environment is increasingly undertaken within geographical information
systems (GIS) using spatial data [2] to derive composite measures that characterise the walking typology
of geographic areas [1, 4, 12]. These composite walkability indexes are used to capture the natural co-
variation between built environment variables, address multicollinearity issues in statistical models, and
facilitate communication of results [2]. They also have a number of benefits over perceived walkability self-
report measures. Objective measures have smaller measurement errors, can be compared across studies
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and are easier to translate into health and planning policy [31, 64]. Indexes derived using GIS may also be
retrospectively applied to historical data.
Two frequently utilised GIS indexes are the South Australian Physical Activity in Localities and Community
Environments (PLACE) [1] and North American Neighbourhood Quality of Life Study (NQLS) [12] walka-
bility indexes. These indexes use GIS to operationalise four built environment variables: net residential
density; street connectivity; land-use mix; and net retail area (a measure of pedestrian friendliness). The
raw scores for each variable are standardised using either deciles [1] or Z scores [12], which are summed
to give a total score for each spatial unit and then divided into quartiles corresponding to low (quartile 1)
through high (quartile 4) walkability. Both the PLACE and NQLS indexes have high specificity for utilitarian
walking; correlate with health outcomes and behaviours; have demonstrated construct validity; can be cal-
culated for areas; and are the basis for a growing body of walkability research in Australia and internationally
[12, 39, 106, 139, 140, 146, 207]. The use of these four-attribute indexes is often limited though by the avail-
ability of retail floor space data, which is difficult to source [1, 12] and frequently unavailable [174] for index
construction. Applications of abridged indexes that exclude retail floor area ratio may allow greater use of
walkability indexes in research [40, 112, 113, 175]; however, research on the comparability of associations
between three and four-attribute indexes and domain-relevant outcomes is required, especially if evidence
is to be synthesised across studies using full and abridged indexes.
The strategic and research aims of developing a Sydney Walkability Index (SWI) were to influence urban
planning through the Sydney Metropolitan Strategy [457]; using the Sydney Walkability Index will enable
planners to assess and measure the walkability of existing and developing built infrastructure. In addition,
the Sydney Walkability Index was developed concurrently with the baseline recruitment of a large population-
based cohort of older adults, the 45 and Up Study, comprising 267,000 persons aged 45 years and over and
living in New South Wales (NSW), Australia [45]. Two thirds of this cohort are resident in Sydney, and future
work by our group will compare the walkability index described in this paper with self-report environmental
attributes, derived from the Physical Activity Neighborhood Environment Scale (PANES) questionnaire [458],
and examined in relation to weight change, physical activity change and morbidity and mortality measures
collected in the 45 and Up Study and its three year follow up (SEEF study) [458, 459].
The primary research aims of this paper are to: compare two forms of a Sydney Walkability Index with
three and four environmental attributes; examine the validity of a three-attribute Sydney Walkability Index
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as a measure of walkability when retail floor space data for a four-attribute index are not available; and
examine the relationship of the Sydney Walkability Index to regional rates of active travel assessed through
reported walking to work in the 2006 national Census. A secondary aim of the paper is to describe the
spatial patterning of walkability across the Sydney Metropolitan Region using the Sydney Walkability Index.
4.3. Methods
4.3.1. Study Area
The Sydney Walkability Index was based on the Sydney Metropolitan Region of Australia, which covers an
area of 3685 km2 and had a population 3.7 million in 2006 [375]. Walkability indexes were also calculated
for the Sydney central business district (City of Sydney local government area), which had 156,521 residents
in 2006 and a land area of 26.7 km2 [375].
4.3.2. Index Construction
The Sydney Walkability Index was based on the PLACE index [1], which was selected because it forms the
basis of a growing body of walkability research. Index values were calculated for 2006 Australian Census
Collection Districts and temporally referenced to calendar year 2007 to coincide with the midpoint of the
baseline data collection of the NSW 45 and Up Study [45]. Census Collection Districts are the smallest
statistical output areas used to report demographic data from the 2006 Australian Census of Population and
Housing, and aggregate up to larger administrative units such as postcodes and local government areas
[376]. There were 5,858 inhabited Census Collection Districts in the Sydney Metropolitan Region in 2006,
with a median land area of 0.2 km2, 200 residential dwellings and 550 residents.
Walkability was initially operationalised as a composite of four environmental attributes:
1. Residential dwelling density-the number of residential dwellings per square kilometre of residential land
use
2. Intersection density-the number of intersections with three or more road junctures per square kilometre
of total land area
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3. Land use mix-the entropy of five land use classes (residential, commercial, industrial, recreational and
other uses) divided by the ratio of each Census Collection District’s land area to the smallest (1,752 m2)
in the study region to adjust for differences in the size of spatial units [207]
4. Retail floor area ratio-the amount of retail floor area in square metres divided by the total amount of
commercial land use in square metres
Residential dwelling density, street network connectivity and land use mix characterise urban design, density
and diversity, while retail floor area ratio is indicative of pedestrian-orientated design [12]. These attributes
have been consistently associated with walking behaviour in the research literature, especially for utilitarian
purposes [2, 106].
Environmental attribute variables were calculated using geographic and spatial information systems for each
Census Collection District using digital boundaries from the Australian Bureau of Statistics [376]. Data de-
scribing residential dwelling locations were obtained from a local utility provider; land use from the New
South Wales Department of Planning and Infrastructure; road centrelines from the New South Wales De-
partment of Land and Property Information; and retail floor area from the Property Council of Australia and
City of Sydney council. The distribution of each environmental variable was divided into deciles, scored
from 1 (lowest) to 10 (highest), and the scores summed to give a total walkability index score. The Sydney
Walkability Index was then split into quartiles to reflect low, medium, high or very high walkability. Asso-
ciations between area-level characteristics, environmental variables and Sydney Walkability Index scores
were assessed using Spearman’s rank-order correlation coefficient (ρ) as variable distributions were highly
skewed.
The fourth attribute, retail floor space, was only available for the central business district [460]. We therefore
calculated two walkability indexes: a full four-attribute walkability index only for the City of Sydney comprising
residential dwelling density, intersection density, land use mix, and retail floor area ratio; and an abridged
three-attribute index for both City of Sydney and the entire Sydney Metropolitan Region that excluded retail
floor area ratio.
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4.3.3. Index Validity and Reliability
The convergent validity of the abridged index to the full index was assessed using the 263 City of Sydney
Census Collection Districts. The square of Spearman’s rank order correlation coefficient (ρ) was used to
calculate the proportion of variance in the full index score that was retained by the abridged index, and
whether this was higher than the 75% expected a priori given the abridged index used three of the four
variables of the full index. Weighted kappa (κw) was used to assess agreement between walkability quartiles
assigned to Census Collection Districts by the abridged and full indexes.
Cronbach’s alpha was used to assess the internal consistency of the full and abridged Sydney Walkability
Indexes. Principal components analysis was used to evaluate the latent variable structure of indexes cal-
culated for the City of Sydney and Sydney Metropolitan Region areas. Analysis was performed using the
Spearman correlation matrix of environmental variables for each index. Eigenvalues greater than 1 were
used to select the number of retained components and pattern values greater than 0.3 were used to identify
items loading on extracted components.
The predictive validity of the full and abridged indexes for utilitarian walking was evaluated using data on
the number of people reporting walking entirely to work (i.e. using active transport) at the 2006 Australian
Census [375]. Data for employed adults 16 years and over within each Census Collection District that
walked entirely to work on the 2006 Census day were summarised by abridged walkability index score decile
and also by abridged walkability quartiles stratified by median household income to control for the inverse
association between walkability and socioeconomic status [122] and for consistency with previous index
validation studies [12]. Logistic regression was also used to assess the independent effect of walkability on
the likelihood of walking to work above that attributable to age, sex, socioeconomic status and population
density [106, 139, 146]. The odds of walking to work in medium, high and very high walkability areas
were estimated relative to low walkability areas after adjusting for area-level median household income,
percentage working population male, percentage working population aged 16–24, 25–34, 45–54, 55–64
and ≥65 years, and population density per square kilometre. This analysis was undertaken for the entire
Sydney Metropolitan Region using the abridged index, and for City of Sydney using both full and abridged
indexes. Only the prevalence of walking entirely to work could be estimated because mixed mode trips
involving walking are not reported in the Census.
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4.3.4. Walkability Patterning
Choropleth maps were used descriptively to display geographic variation in the distribution of walkability
and component environmental variables for the entire Sydney region using the abridged walkability index.
Evidence of clustering in walkability maps was assessed using Moran’s I, a global measure of spatial auto-
correlation that indicates the extent to which areas with similar attribute values are co-located in space [338].
A Moran’s I of 0 indicates the absence of spatial patterning, while values greater than 0 indicate clustering of
areas with similar attribute scores and values less than 0 indicate clustering of areas with dissimilar attribute
scores.
Non-spatial statistical analyses were performed using SAS 9.2 software, an alpha level of 0.05 and two-
tailed significance tests. Geo-processing, mapping and spatial statistical analysis were undertaken in FME
2010 SP4 and ArcGIS Desktop 9.3.1 software packages.
4.4. Results
4.4.1. Index Construction
Environmental data provided sufficient coverage and resolution for the calculation of the three-attribute
abridged Sydney Walkability Index for all 5,858 inhabited Census Collection Districts in the Sydney Met-
ropolitan Region. A retail floor area ratio indicator and full walkability index were also calculated for the 263
of 311 (84.6%) inhabited City of Sydney Census Collection Districts.
4.4.2. Item Correlations, Internal Consistency and Principal Components
The upper and lower diagonals of Table 4.1 show correlations between population density, built environment
indicators, and walkability indexes for Census Collection Districts in City of Sydney and Sydney Metropolitan
Region areas, respectively. Medium to large correlations (range: 0.41 to 0.76) were observed between pop-
ulation density and all environmental indicators except retail floor area ratio, which were unrelated. Medium
to large associations were also observed between land use mix, residential dwelling density and retail floor
area ratio (range: 0.33 to 0.66). All environmental variables were highly correlated with full and abridged
walkability index scores but were strongest for residential dwelling density and land use mix in City of Syd-
ney and for residential dwelling and intersection density in Sydney Metropolitan Region. Large correlations
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with full walkability index scores were observed for all built environment indicators (range: 0.58 to 0.89) but
were on average 10% higher for Sydney Metropolitan Region compared to City of Sydney local government
area except for land use mix, which was 13% lower.
TABLE 4.1. Spearman’s rho correlations between population density, environmental variables and walkabil-
ity indexes
Population
density
Residential
dwelling
density
Intersection
density
Land use
mix
Retail floor
area ratio
Full index
score
Abridged
index score
Population density 1.00 0.76† 0.41† 0.42† 0.00 0.58† 0.70†
Residential dwelling density 0.82† 1.00 0.23† 0.51† 0.16∗ 0.70† 0.78†
Intersection density 0.77† 0.66† 1.00 0.26† 0.14∗ 0.60† 0.66†
Land use mix 0.24† 0.44† 0.26† 1.00 0.33† 0.78† 0.79†
Retail floor area ratio – – – – 1.00 0.59† 0.28†
Full index score – – – – – 1.00 0.93†
Abridged index score 0.76† 0.89† 0.80† 0.69† – – 1.00
Upper diagonal shows data for the 263 City of Sydney Census Collection Districts and lower diagonal shows data for the 5,585 Sydney
Metropolitan Region Census Collection Districts.
∗p≤0.05, †p≤0.0001
Internal consistency as assessed by Cronbach’s alpha was 0.60 for both the full and abridged City of Syd-
ney indexes and 0.71 for the abridged Sydney Walkability Index. Principal components analysis extracted
a single component for each walkability index, which explained 46.3, 62.4 and 64.2 per cent of the variabil-
ity in City of Sydney full, City of Sydney abridged and Sydney Walkability Index environmental variables,
respectively. Table 4.2 shows the pattern loadings for environmental variables on each index component.
TABLE 4.2. Pattern loadings for full and abridged walkability indexes
Full index Abridged index
City of Sydney City of Sydney Sydney walkability index
(n = 263) (n = 263) (n = 5,858)
Residential dwelling density 0.75 0.81 0.90
Intersection density 0.56 0.59 0.82
Land use mix 0.82 0.82 0.66
Retail floor area ratio 0.55 – –
4.4.3. Convergent Validity
The abridged and full walkability index scores for City of Sydney Census Collection Districts were highly
correlated. The abridged index explained 87% of the variability in the full index score, significantly more
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than the 75% expected a priori (p<0.0001, see Table 4.1). There was also good agreement between the
walkability classifications assigned to each district by the two indexes, especially for low and high quartiles.
The weighted Kappa coefficient for their cross classification was 0.74 (95% CI 0.69–0.79), and all districts
were assigned a walkability quartile by the abridged index within one category of that assigned by the full
index.
4.4.4. Predictive Validity
The grey bars in Figure 4.1 show the relationship between decile of abridged walkability score and preva-
lence of reporting walking to work at the 2006 Australian Census for the entire Sydney Metropolitan Region.
The percentage of employed persons who walked to work increased with increasing area-level walkability.
The magnitude of the increase was small until the sixth decile, after which increases in prevalence became
more pronounced for each successive increase in area-level walkability. We initially considered that this
threshold effect may be due to the inclusion of a high number of relatively low density spatial units in the
index construction. However, an almost identical profile was obtained when index construction was limited
to Census Collection Districts with population densities ≥200 persons per square kilometre as suggested
by Leslie et al (represented by the line series in Figure 4.1) [1].
Figure 4.2 shows the prevalence of walking entirely to work in the Sydney Metropolitan Region for the lowest
and highest abridged walkability quartiles stratified by area-level median household income. For both low
income and high income strata the percentage of people who walked to work is higher in high walkability
areas compared to low walkability areas, although the prevalence ratio (PR) was twice as high in high
income (PR=5.2) areas compared to low income areas (PR=2.6). Prevalence of walking to work in high
income-high walkability areas was 3.1 percentage points higher than in low income-high walkability areas
but just under one percentage point (0.9%) higher in low income-low walkability areas compared to high
income-low walkability areas.
Odds ratios for walking to work for the entire Sydney Metropolitan Region by abridged walkability quartiles
are reported in Table 4.3. The unadjusted odds of walking to work increased significantly with increasing
walkability (χ2=3241.37, p<0.0001) and were 5.75 times higher in high walkability areas compared to low
walkability areas. Adjusting for demographic and socioeconomic covariates attenuated odds ratios; however,
the odds of walking to work were still three times higher for high compared to low walkability areas, and the
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FIGURE 4.1. Prevalence of walking to work in Sydney Metropolitan Region by Sydney Walkability Index
score decile
FIGURE 4.2. Prevalence of walking to work by walkability and median household income in Sydney Metro-
politan Region
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strong exposure-response relationship between walkability and prevalence of walking to work remained
highly statistically significant (χ2=861.47, p<0.0001). Table 4.4 shows the results of this analysis replicated
for the 263 City of Sydney Census Collection Districts for which both full and abridged walkability indexes
were available to assess any additional explanatory power of the full index. Adjusted parameter estimates
for this comparative analysis were very similar, with full index effect sizes just 1–10% higher than abridged
index associations and comparable exposure-response relationships.
TABLE 4.3. Associations between area-level walkability and prevalence of walking to work in Sydney Met-
ropolitan Region (n = 5,585)
Walking category Frequencies Unadjusted Adjusted∗
Walked to
work
Employed Percent Odds ratio 95%
Confidence
Interval
Odds ratio 95%
Confidence
Interval
Low 10,068 434,391 2.3 1.00 1.00
Medium 9,143 350,333 2.6 1.13 1.03–1.24 1.05 0.96–1.15
High 17,486 378,057 4.6 2.04 1.88–2.22 1.58 1.45–1.71
Very high 37,224 310,277 12.0 5.75 5.33–6.20 3.02 2.76–3.30
∗Adjusted for population density and area-level median household income, percentage working population male, and percentage work-
ing population aged 16–24, 25–34, 45–54, 55–64 and ≥65 years.
TABLE 4.4. Comparison of adjusted associations between prevalence of walking to work and area-level
walkability for full and abridged indexes (n = 263)
Walking category Full walkability index Abridged walkability index Difference in
Adjusted odds
ratio∗
95% confidence
interval
Adjusted odds
ratio∗
95% confidence
interval
odds ratios (%)
Low 1.00 1.00
Medium 1.57 1.24–1.98 1.43 1.13–1.81 9.9
High 2.11 1.65–2.68 2.01 1.59–2.55 4.6
Very high 2.64 2.07–3.38 2.62 2.02–3.40 0.8
∗Adjusted for population density and area-level median household income, percentage working population male, and percentage working
population aged 16–24, 25–34, 45–54, 55–64 and ≥65 years.
4.4.5. Walkability Patterning
The geographic distribution of abridged Sydney Walkability Index quartiles for the Sydney Metropolitan
Region is shown in Figure 4.3. Abridged index scores were strongly associated with residential density and
displayed a clear east-west gradient (see Figure 4.3), as did index component environmental variable scores
(not shown). High walkability was most concentrated in eastern and central Sydney with progressively
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FIGURE 4.3. Distribution of Sydney Walkability Index quartiles in Sydney Metropolitan Region
73
4. VALIDITY AND RELIABILITY OF THE SYDNEY WALKABILITY INDEX
lower levels in western and outer suburbs where the population is sparser. Stippled areas indicate the 32
uninhabited, non-residential Census Collection Districts excluded from calculations. Moran’s I for the map in
Figure 4.3 was 0.73 (Z=93.47, p<0.0001), which indicates walkability is highly clustered with areas of similar
walkability more likely to be proximal than distal.
4.5. Discussion
This study validated a walkability index for Sydney that was comparable to the PLACE index frequently
used for walkability research [1]. The PLACE index combines four built environment attributes associated
with walking for utilitarian purposes: residential dwelling density, intersection density, land use mix, and
retail floor area ratio. A limitation of this and similar four-attribute indexes is that floor space data are
frequently unavailable to calculate retail floor area ratio [174]. This was the case in the current study for
which floor space data were only available for a part of the study region. We therefore tested a three-attribute
abridged index and found it to have similar measurement properties to a full index. This has international
implications because retail floor area data are often difficult to source [1, 12] or unavailable [174] for index
construction and applications of abridged indexes that exclude retail floor area ratio may allow for greater
use of walkability indexes in research [40, 112, 113, 175].
The innovative observation in this study was that the abridged walkability index retained 87% of the variability
in the full index, assigned all analysis units to within one walkability quartile of the full index, and found
associations of similar magnitude to the full index between walkability and prevalence of walking to work
after adjusting for demographic and socioeconomic confounders. Thus, in the absence of retail floor space
data, an abridged index comprising residential dwelling density, intersection density and land use mix only
may be used to characterise walkability. This would be advantageous in the many global locations where
retail floor space data are not available [174]. We recommend researchers with data on the four walkability
components in only a subset of spatial units also compare three and four-attribute indexes to further validate
this finding.
Principal component analysis of the abridged Sydney Walkability Index attributes extracted a single compo-
nent with high loadings for all attributes; similar component structures and loadings were also observed for
City of Sydney full and abridged indexes. This appears to be the first time that a latent variable structure
of a PLACE/NQLS index has been described, and supports the validity of the Sydney Walkability Index as
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a cohesive measure of walkability. Internal consistency of the abridged Sydney Walkability Index is also
acceptable for research purposes [461], especially given the small number of items included in the index
[462].
These results demonstrate the feasibility of a Sydney Walkability Index, the utility of a three-attribute derived
index, and a consistent relationship between walkability and walking to work that is only partially moderated
by socioeconomic status. Walking to work increased monotonically with increasing abridged walkability
index score decile, and was higher for high walkability areas compared to low walkability areas in both
lower and higher income areas. These findings concur with NQLS index validation outcomes that found
increasing walk trips with increasing decile of walkability, and more walking in high versus low walkability
areas for both high and low income strata [12], providing additional support for the validity of the abridged
Sydney Walkability Index.
Although the prevalence of walking to work in the Sydney Metropolitan Region increased with increasing
walkability decile, this association was more pronounced at the upper deciles of walkability. Excluding low
population density Census Collection Districts as suggested by Leslie et al [1] did not alter this trend, and
may indicate homogeneity in the distribution of urban sprawl outside the inner city area. This is consistent
with the adjusted odds for walking to work, which were significantly higher for high and very high walkability
areas compared to low walkability areas, but similar for medium compared to low walkability areas. Fur-
ther study into possible walkability threshold effects may provide useful information for planning and policy
interventions to improve built environments to support walking.
Visualisation of choropleth maps indicated consistent patterns of clustering across the study area for Syd-
ney Walkability Index scores and its component environmental variables. This was supported by correlation
analyses that indicated all variables were strongly associated with one another. High residential density,
street connectivity and land use mix were concentrated in the central, eastern and north Sydney areas,
and decreased along an east-west gradient to a ring of low walkability areas on the outer fringes of the
Sydney Metropolitan Region. This patterning is consistent with the spatial distribution of population density
and socioeconomic disadvantage in the study area [463], and highlights the planning potential of the Syd-
ney Walkability Index to target walkability infrastructure upgrade and development initiatives in the Sydney
Metropolitan Region.
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Understanding the features of the built environment that facilitate or constrain walking is important for re-
search, planning and policy aimed at increasing the proportion of adults who attain recommended levels of
physical activity [5]. Linking the Sydney Walkability Index to land use and transport planning strategies such
as the Sydney Metropolitan strategy [457] has the potential to create more walkable communities, and have
a greater population impact on reducing physical inactivity than individual-level interventions [5, 464].
Spatially referenced objective walkability measures such as the one constructed here may also be linked to
existing administrative or epidemiological data collections with location information to add both research and
policy value. For example, the Sydney Walkability Index is being used in the 45 and Up study to profile the
independent health effects of environmental factors such as walkability, to compare with self-report (PANES)
items, and to assess changes in activity behaviours when mid to older aged adults change residence [45,
115]. From the Sydney urban planning perspective, objective indexes of the built environment could also
be used to monitor, inform and evaluate policy through desktop simulations of proposed developments
for walkability based on their urban design features, identify "best buy" areas for infrastructure upgrades
and residential development to maximise active transport use, and monitor changes in the walkability of
geographical areas over time and following environmental interventions [1, 11]. In this regard, the Sydney
Walkability Index provides an "out-of-the-box" resource for researchers, planners and policy makers that is
evidenced-based and derived using the best-available spatial data.
4.5.1. Limitations
The main limitation of this study is that comparability analyses between full and abridged walkability indexes
were confined to the City of Sydney local government area as it was the only area for which retail floor
space data were available. It is feasible that the similarity in performance of three and four-attribute indexes
are unique to this area and may not be as comparable in other areas. However, the generalizability of our
results beyond the City of Sydney area is supported by our corresponding analysis for the entire Sydney
Metropolitan Region, which produced similar associations between walkability and prevalence of walking
to work using the three-attribute index, and identified similar factor structures and explained variance for
the Sydney Metropolitan Region abridged index. It would be advantageous for researchers to confirm this
finding in other cities where data are available for all four walkability components.
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Another limitation of this study is that GIS derived estimates of walkability were not compared to the physical
reality on the ground via site visits, so the level and nature of any measurement error is unknown. Previous
studies using similar indexes have included field verification as the indexes were used to generate sampling
frames for interventions [1, 12]. Field validation in these cases comprised "informal windshield observations"
[12] and systematic observations [1]. While both studies observed some discrepancies in walkability clas-
sifications, Leslie et al concluded that the PLACE index had good face validity and that field observations
were concordant with index classifications for the majority of their study units [1].
4.6. Conclusions
The abridged Sydney Walkability Index is comparable to existing indexes that include retail floor area ra-
tio and has demonstrated predictive validity for utilitarian walking. Greater use of validated indexes for
environment-behaviour research will improve study comparability and inform urban planning and policy to
improve the walkability of communities.
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CHAPTER 5
Walkability and Spatial Variation in Physical Activity
Preamble
Chapter 4 provided evidence supporting the use of three-attribute walkability indexes excluding retail floor
space ratio. Three- and four-attribute indexes for the City of Sydney had similar latent variable structures;
measured the same construct; resulted in similar classifications of walkability; and found associations of
similar magnitude for prevalence of walking to work. An analysis of the three-attribute Sydney Walkability
Index (SWI) for the entire Sydney metropolitan region found similar measurement properties and associa-
tions. These findings demonstrate the validity of the SWI, and support its use as an exposure metric for the
remaining studies in this thesis.
The focus of the thesis now shifts to using the SWI to assess exposure-response associations for walkability
(aim 2) and its contribution to geographic variation in outcomes (aim 3) at administrative planning scales,
which has received little attention in the walkability literature. This chapter reports on associations and geo-
graphic variation for health-enhancing physical activity, especially moderate-intensity walking. It addresses
research question 2: are levels of health-enhancing physical activity clustered in Sydney, and to what extent
is this associated with area-levels of walkability measured using the Sydney Walkability Index?
This study utilised the geospatial methods described in chapter 3 and data for Sydney respondents to the
baseline survey of the 45 and Up Study [45]. Physical activity was selected as the lead spatial investiga-
tion because of its domain specificity [57] and the strong evidence base linking walkability with moderate-
intensity physical activity, especially walking [90]. The use of disease mapping in this chapter is unique in
the walkability literature, and represents an innovative methodological development for incorporating “place”
into walkability research, planning and policy-making.
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The contribution of area-level walkability to geographic variation in physical activity: a spatial
analysis of 95,837 participants from the 45 and Up Study living in Sydney, Australia
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5.1. Abstract
Background: Individual-level studies support a positive relation between walkable built environments and
participation in moderate-intensity walking. However, the utility of this evidence for population-level planning
is less clear as it is derived at much finer spatial scales than those used for regional programming. The aims
of this study were to: evaluate if individual-level relations between walkability and walking to improve health
manifest at population-level spatial scales; assess the specificity of area-level walkability for walking relative
to other moderate and vigorous physical activity (MVPA); describe geographic variation in walking and other
MVPA; and quantify the contribution of walkability to this variation.
Methods: Data on sufficient walking, sufficient MVPA, and high MVPA to improve health were analyzed for
95,837 Sydney respondents to the baseline survey of the 45 and Up Study between January 2006 and April
2010. We used conditional autoregressive models to create smoothed MVPA “disease maps” and assess
relations between sufficient MVPA to improve health and area-level walkability adjusted for individual-level
demographic, socioeconomic, and health factors, and area-level relative socioeconomic disadvantage.
Results: Within-cohort prevalence of meeting recommendations for sufficient walking, sufficient MVPA, and
high MVPA were 31.7 (95% CI 31.4–32.0), 69.4 (95% CI 69.1–69.7), and 56.1 (95% CI 55.8–56.4) percent.
Prevalence of sufficient walking was increased by 1.20 (95% CrI 1.12–1.29) and 1.07 (95% CrI 1.01–1.13)
for high and medium-high versus low walkability postal areas, and for sufficient MVPA by 1.05 (95% CrI
1.01–1.08) for high versus low walkability postal areas. Walkability was not related to high MVPA. Postal
area walkability explained 65.8 and 47.4 percent of residual geographic variation in sufficient walking and
sufficient MVPA not attributable to individual-level factors.
Conclusions: Walkability is associated with area-level prevalence and geographic variation in sufficient walk-
ing and sufficient MVPA to improve health in Sydney, Australia. Our study supports the use of walkability
indexes at multiple spatial scales for informing population-level action to increase physical activity and the
utility of spatial analysis for walkability research and planning.
5.2. Background
Promoting moderate-intensity walking is the cornerstone strategy of public health efforts to increase popu-
lation levels of participation in moderate and vigorous physical activity (MVPA) [65–68]. Walking is low risk
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[465]; accessible to most people regardless of age, sex, socioeconomic status, or cultural background [66];
and confers health benefits independent of participating in more vigorous forms of physical activity [216].
Walking may be undertaken for recreation, leisure, and health; to move between destinations and origins;
and to access services [1, 5]. These latter activities describe utilitarian walking or active transport, and have
been a focus for built environment research over the last two decades [7]. “Walkability” is the term used to
describe the capacity of built environments to facilitate walking for multiple purposes [1], especially active
transport [2]. Walkable neighbourhoods facilitate active transport by reducing distances between origins
and destinations, and maximizing the mix of proximal land uses for residential, commercial, educational,
and recreational purposes [2, 5, 6].
Walkability is typically operationalized as an index of high-resolution built environment variables within a
geographic information system. The most widely utilized and researched of these are the North American
Neighborhood Quality of Life Study (NQLS) [12] and South Australian Physical Activity in Localities and
Community Environments (PLACE) [1] indexes. Developed in parallel for comparing between North Ameri-
can and Australian populations [1], these metrics comprise four environmental variables: residential density,
street network connectivity, land use mix, and retail floor area ratio, which are combined into a total score
by summing over either decile ranks [1] or standard (Z) scores [12]. The total score is then divided into
sample-specific quartiles representing the relative variation in walkability between units of analysis [1, 12].
The indexes have been adapted and validated for use in other cities and countries [e.g. 1, 7, 38–44], and
underpin a large international evidence base demonstrating consistent associations between environmental
walkability and levels of moderate-intensity walking that benefits health [44].
Creating local opportunities for transport-related walking through strategic land use and infrastructure devel-
opments is a key strategy of many regional development plans [7, 44] such as the Sydney Metropolitan Plan
[466], and may contribute to population levels of total daily physical activity [5, 67, 68]. Environmental and
policy interventions such as these generally have much smaller effect sizes than those targeting individuals
[112] but can have larger population-level impacts because exposure to the built environment is ubiquitous
and changes more persistent than interventions with individuals [5, 464, 467]. This has prompted some to
recommend using walkability indexes to inform urban design, transportation, and health policy; target in-
frastructure investments; and evaluate environmental interventions to increase population-levels of physical
activity [1, 7–11, 44].
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Needs assessment, planning, intervention, and evaluation activities to address the health of populations
typically occur at larger regional levels [15], which Saelens and Handy have termed macro-level environ-
ments [2]. These are distinct from micro-level environments specific to individuals and meso-level environ-
ments that are shared by groups of individuals, such as residents within a neighborhood [2]. Greater use
of objective walkability indexes has demonstrably progressed our understanding of environment-behavior
relations through a focusing of research and inference at increasingly finer spatial resolutions [see reviews
2, 6, 78, 79, 468]. However, this has contributed to an evidence base derived at geographic scales substan-
tially smaller than those used for population health policy, planning, and intervention; assumes individual-
level environment-behavior relations scale to populations; and raised concerns about the utility of micro-level
evidence for macro-level health programming [17].
The extent to which micro-level correlates of physical activity manifest at macro-levels is poorly understood
[16], under-researched, and limited to journey to work data among employed populations. For example,
Frank et al. have reported that the prevalence of employed persons walking to work at the 2000 United
States Census was 4–7% higher in the most compared to least walkable block groups of King County and
Baltimore after stratifying on household income [12]. We too have observed higher prevalence of income-
stratified self-reported walking to work in the 2006 Australian Census for Sydney residents in the most
(7.9–11.0%) versus least (2.1–3.0%) walkable Census Collection Districts and adjusted odds of walking to
work 2.8–3.3 times higher for the top versus bottom walkability quartiles [44]. Similarly, Kelly et al. have
recently reported that the odds of ≥5% of employed block group residents reporting walking to work in the
2004–2009 American Community Survey were 1.6–5.5 times higher for the most compared to least walkable
neighborhoods in St. Louis City and County after adjusting for area-level socioeconomic deprivation [147].
These small number of macro-level built environment studies are consistent with a positive association
between population-prevalence of utilitarian walking and area-level walkability. However, the behavioral
specificity of outcome measures for walking to work among employed persons in these studies limit their
generalizability to the broader population and other domains of walking.
Walkability research has also largely ignored geographic variation in behaviors and outcomes, which is es-
sential for framing public policy and action [23]. Spatial variation in outcomes and behavior beyond that
explained by demographic, social, and economic factors may indicate additional, unobserved, and geo-
graphically varying influences on health and health-enhancing infrastructure [24]. Spatial analysis is also a
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potent tool for identifying environmental inequalities [29] and may assist in targeting infrastructure upgrades
and developments to mitigate environment-related health risks, and promote equitable access to health-
enhancing built environments [300, 301]. For example, Huang and colleagues have identified clusters of
high active transportation (walking or riding) among residents of Los Angeles and San Diego Counties liv-
ing in Census block groups with higher population, employment, street, block, and intersection densities;
shorter block lengths; and the presence of a bus route [300]. Tamura et al. have also observed significant
clustering of prevalence of meeting physical activity guidelines in California, Massachusetts, and Pennsyl-
vania respondents to the 2004 Nurses’ Health Study [301]; however, they found inconsistent evidence for
macro-level differences between cluster and non-cluster neighborhoods [301].
Given the limited evidence on macro-level relationships between walking and walkability, and the poten-
tial for geographic analysis to inform this research, the aims of the present study were to: (1) evaluate if
area-level walkability was associated with population-levels of moderate-intensity walking; (2) assess the
specificity of area-level walkability for walking compared to other MVPA; (3) describe geographic variation in
walking and other MVPA; and (4) quantify the contribution of area-level walkability to this variation using a
population-based cohort living in Sydney, Australia. We hypothesized that: (1) area-level walkability would
be associated with population-levels of sufficient walking to improve health but not other MVPA; (2) suffi-
cient walking and other MVPA to improve health would vary geographically in the study area; and (3) area
walkability would contribute to this variation but only for sufficient walking to improve health.
5.3. Methods
5.3.1. Study Design and Area
We used a cross-sectional, ecological design to investigate geographic variation in physical activity behavior
and its relationship to walkability in the Sydney Statistical Division of NSW, Australia [375]. Sydney covers a
land area of 12142 km2 and had a population of 4.1 million persons living in 1.6 million dwellings at the 2006
Census [469]. Analysis was undertaken at the Census postal area level, which was the smallest spatial unit
at which geographically identified 45 and Up Study data were available from the data custodian. Sydney
comprised 260 conterminous postal areas at the 2006 Census [377] with a median land area of 7.6 km2,
5304 residential dwellings, and 13090 residents [469].
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5.3.2. Participants
Participants were selected from members of the The Sax Institute’s 45 and Up Study, a population-based
cohort established between January 2006 and December 2010 to investigate healthy aging among persons
45 years and older living in NSW, Australia [45]. Prospective participants were randomly sampled from
the Medicare Australia enrollment database and invited to return a completed consent form and baseline
questionnaire via mail [45]. People aged ≥80 years were oversampled by a factor of two; rural and remote
populations were also oversampled but these subgroups are not resident within the Sydney area [45]. The
45 and Up Study includes approximately 10% of the NSW population and had a response rate of 18%
[45]. This is similar to other international population cohorts that seek consent for data linkage [e.g., 393,
394], and consistent with the global trend of reducing participation rates in epidemiological studies [395].
Individual-level data were provided by The Sax Institute with 2006 Census postal areas identifiers for all for
266848 persons recruited to the study between January 2006 and April 2010 [397]. We limited our analysis
to the 115153 persons from this release that were geocoded to the Sydney Statistical Division to correspond
with the spatial extent of our study factor.
5.3.3. Data
Individual-level data comprised self-reported responses to the baseline questionnaire of the 45 and Up
Study [45], and were used to derive respondent-level physical activity outcome variables and covariates.
Postal area-level data included the Sydney Walkability Index (SWI) [44] and the 2006 Index of Relative So-
cioeconomic Disadvantage (IRSD) [398], which were included as study and covariate factors, respectively.
5.3.4. Outcome Variables
We defined three physical activity outcomes: sufficient moderate-intensity walking to improve health, suffi-
cient MVPA to improve health, and high MVPA. Each outcome was derived from self-reported responses to
Active Australia Survey [399] questions included in the baseline survey. Participants were asked to report
separately the number of times in the last week they had: (i) walked continuously for at least 10 minutes
for recreation or exercise or to get to or from places; (ii) participated in vigorous physical activity that made
them breathe harder or puff or pant; (iii) participated in other moderate physical activities. Participants also
reported the total time they spent doing each of these activities.
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5.3.4.1. Sufficient Total Moderate and Vigorous Physical Activity to Improve Health
Moderate and vigorous physical activity was calculated as the sum of total minutes engaged in walking and
other moderate-intensity activities plus two times the total number of minutes engaged in vigorous physical
activities. Respondents were classified as sufficiently active if they accumulated ≥150 minutes of MVPA over
≥5 sessions of at least 10 minutes duration. A double weighting is given to vigorous activity to reflect its
greater intensity, and a threshold of five sessions operationalizes the Australian physical activity guidelines
recommendation that adults be active on most days of the week, and assumes sessions are most likely to
occur on separate days [403].
5.3.4.2. Sufficient Walking to Improve Health
Sufficient walking to improve health used the same frequency and duration criteria as sufficient MVPA but
only used responses on walking in calculations. This outcome measure identified respondents that met
Australian physical activity guidelines from walking alone. We included this outcome on the basis that
walkability indexes have higher specificity for walking behavior—especially for utilitarian purposes—than for
MVPA [1, 12, 44].
5.3.4.3. High Moderate and Vigorous Physical Activity
We categorized respondents as highly physically active if they reported participating in ≥300 minutes and
≥5 sessions of MVPA over the previous week. The purpose of this outcome was to identify respondents
at or above the upper Australian guideline limit of 300 minutes of MVPA per week [406]. This represents a
level of MVPA at which even more health gains are accrued [69] and potentially a minimum level of MVPA
required for certain health outcomes such as prevention of weight gain and some cancers [70].
5.3.5. Study Variable
The study variable of interest was postal area walkability measured using the SWI [44]. The SWI is an
abridged version of the NQLS and PLACE indexes [44]. It has predictive validity for utilitarian walking, and
is a cohesive and internally consistent measure of walkability in Sydney, Australia [44]. The index is de-
rived within a geographical information system and operationalizes three measures of the built environment
associated with walking:
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1. Residential dwelling density—number of residential dwellings per hectare of residential land use
2. Intersection density—number of intersections with three or more road junctures per square kilometre
of total land area, including intersections and connections created by pedestrian foot bridges, walking
paths, and lane way block cut throughs
3. Land use mix—entropy of five land use classes (residential, commercial, industrial, recreational, and
other uses) adjusted for differences in the size of spatial units [207].
Variable values are divided into deciles, scored from 1 (lowest) to 10 (highest), summed to give a total score
out of 30, which is then divided into quartiles corresponding to low, low-medium, medium-high, and high
walkability [44]. We have previously demonstrated that abridged indexes excluding retail floor space ratio
data, which are difficult to source [1, 12] and frequently unavailable [174], have comparable measurement
properties to four-variable NQLS and PLACE indexes [44].
We calculated SWI variables within the spatial extents of Sydney postal areas, which have a median land
area of 7.6 km2 that approximately corresponds to a radial buffer of 1550 meters. This is within the range
of “high resolution” buffers typically used for individual-level analyses, [196, 197] and for which consistent
environment-behavior associations have been reported across adult life stages, including older adulthood
[196].
5.3.6. Covariates
We included individual and area-level correlates and determinants of physical activity from the research and
45 and Up Study literatures ([e.g. 146, 422, 424, 427, 428, 432, 438]. Individual-level covariates included
sex; age at baseline interview; language spoken at home; education level; relationship status; employment
status; health insurance type; smoking status; body mass category; number of chronic conditions ever
diagnosed and number of chronic conditions treated in the last month; and physical function limitation and
role limitation due to emotional problems sub-scales from the RAND 36-Item Health Survey (Version 1.0)
[439].
Area-level socioeconomic disadvantage was measured for postal areas using the 2006 IRSD [398]. The
IRSD is a general measure of disadvantage derived from Census variables indicative of low socioeconomic
wellbeing such as percent of population ≥15 years with no post school qualification; percent of population
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unemployed; percent of employed persons classified as laborers; percent of private dwellings with no motor
car; and percent of people who do not speak English. We divided the postal area distribution of IRSD scores
into quintiles indicating high through to low relative socioeconomic disadvantage.
5.3.7. Statistical Analysis
We used a two-stage strategy to model within-cohort prevalence. In the first stage predicted probabilities
(Yˆij ) of achieving sufficient walking, sufficient MVPA and high MVPA to improve health were calculated
for each respondent using logistic regression models conditioned on individual-level covariates. These
probabilities were summed within the j postal areas to obtain the predicted number of outcomes for each
unit adjusted for its underlying respondent structure [442–444].
In the second stage postal area prevalence ratios (PR) for physical activity outcomes were estimated using
Bayesian Besag, York, and Mollié conditional autoregressive models with Poisson likelihoods [329]. This
model is commonly used in epidemiology for small-area disease mapping estimation [324, 332] and decom-
poses area-specific random effects into a local, spatially structured variance component (sj ) and a global,
spatially unstructured (heterogeneity) variance component (uj ) [324, 441]:
(5.1) log(θj) = α + xjβ + sj + uj + log(ej)
where θj is the relative risk for the j
th area; α is the overall relative risk across the study region; xj and β
are optional vectors of ecological explanatory variables and parameter estimates, respectively; and ej is an
offset representing the expected number of cases in the jth area, which we derive using either the overall
prevalence (ej = p× nj ) or sum of predicted probabilities from stage one (ej =
∑
Yˆij ).
The heterogeneity component (uj ) was given a normal prior with mean 0 and precision τ
2
u [324]. The local
smoothing component (si) was given an intrinsic conditional autoregressive prior [324] with mean s¯j and
precision tau2j conditioned on the mean risk in the k surrounding postal areas with intersecting boundaries.
Variability of uj and sj were controlled by hyper-parameters τ
2
u and τ
2
s [324], which were given Gamma
hyper-priors of γ(0.5, 0.0005) [445].
Six models were fit for each outcome. Model 1 (M1) was an unadjusted disease mapping model with
expected cases proportional to the overall prevalence (p× nj ). Model 2 (M2) was also a disease mapping
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model but with individually-adjusted expected cases from stage 1. Models 3-6 were ecological regressions.
Model 3 (M3) added SWI to M2; Model 4 (M4) added IRSD to M2; Model 5 (M5) added IRSD to M3; and
Model 6 (M6) added effect modification of SWI by IRSD to M5.
Medians and 95% credible intervals (CrI) for each model parameter were summarized from the posterior
distribution obtained from two Monte Carlo Markov Chains with over-dispersed starting values. Each chain
ran for 2.5 million iterations with every 250th sample retained to reduce autocorrelation and improve conver-
gence. The first half of each chain was discarded as burn-in leaving 10000 samples in total for inference.
Model convergence was assessed using trace and autocorrelation plots, and Gelman-Rubin diagnostics
[446].
The Deviance Information Criterion (DIC) was used to choose between spatial models [324] and evaluate the
importance of area-level variables [470]. We considered models within 1–2 DIC units of the best model (i.e.,
lowest DIC) as deserving consideration, 3–7 as having less support, and >7 no support [448]. An increase in
DIC between nested models was interpreted as support for selecting the variable omitted from the reduced
model [470]. We visualized the exponentiated sum of spatial and non-spatial variance components using
choropleth maps to identify variation in excess of that attributable to fixed-effect factors. We also calculated
the spatial fraction (ρ = σ2s/[σ
2
s + σ
2
u]) from the marginal variation of random effects to determine the
proportion of residual variation due to spatially-structured factors [447, 471].
5.3.7.1. Weighting
Weighting of the 45 and Up Study sample is not required to estimate externally valid relative effect mea-
sures when non-spatial analyses condition on the variables used to construct post-stratification weights
[472]. However, whether weighting is necessary for valid geographical analysis of the cohort is unclear. Un-
weighted spatial analyses are simpler to implement within a Bayesian disease mapping framework [473, 474]
but geographically structured (non) response rates can bias inference [475]. In the context of our study, this
potential for bias arises through the estimation of postal area prevalence ratios from sample counts and
expectations. We evaluated the need to adjust our sample for response rates by comparing postal area
prevalence ratios derived using unweighted and weighted sample data for each physical activity outcome.
Post-stratification survey weights were calculated to benchmark the study sample to the Sydney Statisti-
cal Division population from the 2006 Census [476], with post-strata formed by 2006 Census postal areas
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(n=260), sex (male and female), and five-year age groups (45–84 and ≥85 years). We evaluated the perfor-
mance of unweighted data using scatter plots and Pearson correlation coefficients to visualize relationships
and strength of associations with weighted postal area prevalence ratios calculated using both unadjusted
and adjusted expected cases.
All data analysis and mapping was undertaken in R 3.2.2 using R2WinBUGS 2.1-21 and sp 1.2-1. Cor-
relation coefficients, t-tests, and general linear models were evaluated at the 5% alpha level and conditional
autoregressive models using DIC and 95% credible intervals summarized from posterior distributions.1
5.4. Results
Complete data were available for 95837 of 115153 (83.2%) cohort members living in 255 of 260 (98.1%)
postal areas in Sydney. Respondent counts within postal areas ranged from 0–3481 with a median and
interquartile range of 271 and 152–466. Sample characteristics for people included in our study are reported
in Table 5.1. Gender and employment status were comparable to 2006 Census estimates for the study area
[476]; however, similar to the full cohort profile [397], our sample was younger, more highly educated, less
likely to speak a language other than English at home, and more likely to be living with a partner than the
study population.
TABLE 5.1. Sample characteristics and prevalence estimates for physical activity outcomes
Variable Characteristics Prevalence
Sufficient Walking Sufficient MVPA High MVPA
N % n % n % n %
POSTAL AREA LEVEL
Walkability
Low 26435 27.6 7582 28.7 18079 68.4 14763 55.8
Low-medium 32696 34.1 9854 30.1 22225 68.0 17961 54.9
Medium-high 20299 21.2 6565 32.3 14119 69.6 11388 56.1
High 16407 17.1 6353 38.7 12087 73.7 9668 58.9
Socioeconomic disadvantage
Q1 - Most 18263 19.1 5334 29.2 11690 64.0 9300 50.9
Q2 20349 21.2 6105 30.0 13610 66.9 10882 53.5
Q3 - Middling 15575 16.3 5025 32.3 10736 68.9 8674 55.7
Q4 20723 21.6 6999 33.8 15203 73.4 12510 60.4
Q5 - Least 20927 21.8 6891 32.9 15271 73.0 12414 59.3
Continues on next page
1CORRIGENDUM This chapter was published with t-tests listed as an analytic method (see appendix C2). T-tests were not used
in this analysis. The sentence should state: “Correlation coefficients and general linear models were evaluated at the 5% alpha
level and conditional autoregressive models using DIC and 95% credible intervals summarized from posterior distributions.”
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TABLE 5.1. Sample characteristics and prevalence estimates for physical activity outcomes (cont.)
Variable Characteristics Prevalence
Sufficient Walking Sufficient MVPA High MVPA
N % n % n % n %
INDIVIDUAL LEVEL
Sex
Male 46099 48.1 14748 32.0 31432 68.2 25039 54.3
Female 49738 51.9 15606 31.4 35078 70.5 28741 57.8
Age
45-49 13605 14.2 3865 28.4 9462 69.5 7590 55.8
50-54 16843 17.6 5169 30.7 11996 71.2 9576 56.9
55-59 17008 17.7 5645 33.2 12108 71.2 9777 57.5
60-64 14114 14.7 4922 34.9 10307 73.0 8497 60.2
65-69 10703 11.2 3747 35.0 7772 72.6 6468 60.4
70-74 7387 7.7 2541 34.4 5250 71.1 4306 58.3
75-79 5519 5.8 1724 31.2 3662 66.4 2941 53.3
80-84 7464 7.8 2057 27.6 4403 59.0 3460 46.4
≥85 3194 3.3 684 21.4 1550 48.5 1165 36.5
Language spoken at home
English 81196 84.7 25937 31.9 57486 70.8 46737 57.6
Other 14641 15.3 4417 30.2 9024 61.6 7043 48.1
Education level
Less than secondary school 8057 8.4 2184 27.1 4508 56.0 3641 45.2
Secondary school graduation 28177 29.4 8566 30.4 18790 66.7 15240 54.1
Trade, certificate, or diploma 30119 31.4 9534 31.7 21263 70.6 17400 57.8
University degree 29484 30.8 10070 34.2 21949 74.4 17499 59.4
Relationship status
Partner 71083 74.2 22315 31.4 50009 70.4 40528 57.0
No partner 24754 25.8 8039 32.5 16501 66.7 13252 53.5
Employment status
Full-time work 33116 34.6 9958 30.1 22750 68.7 17796 53.7
Part-time work 13509 14.1 4287 31.7 9925 73.5 8130 60.2
Other work 1417 1.5 492 34.7 1044 73.7 892 62.9
Not working 47795 49.9 15617 32.7 32791 68.6 26962 56.4
Health insurance type
Private with extras 55802 58.2 17921 32.1 40165 72.0 32568 58.4
Private without extras 13597 14.2 4347 32.0 9574 70.4 7803 57.4
Government health care card 12977 13.5 3887 30.0 7928 61.1 6320 48.7
None 13461 14.0 4199 31.2 8843 65.7 7089 52.7
Smoking status
Never smoked 56362 58.8 17651 31.3 39255 69.6 31582 56.0
Past smoker 32897 34.3 10773 32.7 23196 70.5 18923 57.5
Current smoker 6578 6.9 1930 29.3 4059 61.7 3275 49.8
Body mass category
Underweight 1360 1.4 484 35.6 877 64.5 717 52.7
Normal weight 37712 39.4 13179 34.9 27771 73.6 22833 60.5
Overweight 37271 38.9 11902 31.9 26169 70.2 21165 56.8
Obese 19494 20.3 4789 24.6 11693 60.0 9065 46.5
Continues on next page
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TABLE 5.1. Sample characteristics and prevalence estimates for physical activity outcomes (cont.)
Variable Characteristics Prevalence
Sufficient Walking Sufficient MVPA High MVPA
N % n % n % n %
Diagnosed chronic conditions
0 32167 33.6 10442 32.5 23287 72.4 19019 59.1
1 38557 40.2 12403 32.2 26887 69.7 21749 56.4
2 19082 19.9 5873 30.8 12679 66.4 10114 53.0
3 or more 6031 6.3 1636 27.1 3657 60.6 2898 48.1
Treated chronic conditions
0 42523 44.4 13610 32.0 30498 71.7 24891 58.5
1 31399 32.8 10328 32.9 22098 70.4 17788 56.7
2 15478 16.2 4709 30.4 10110 65.3 8066 52.1
3 or more 6437 6.7 1707 26.5 3804 59.1 3035 47.1
Functional limitation
None 33079 34.5 11648 35.2 25449 76.9 21427 64.8
Minor 25661 26.8 9250 36.0 19221 74.9 15500 60.4
Moderate 21192 22.1 6488 30.6 14159 66.8 11038 52.1
Severe 15905 16.6 2968 18.7 7681 48.3 5815 36.6
Emotional problems
None 67240 70.2 22286 33.1 47682 70.9 38888 57.8
Minor 13394 14.0 4005 29.9 9365 69.9 7495 56.0
Moderate 7638 8.0 2144 28.1 5018 65.7 3941 51.6
Severe 7565 7.9 1919 25.4 4445 58.8 3456 45.7
MVPA Moderate and vigorous physical activity, N Stratum total, n Stratum outcome frequency, % Stratum outcome
percent
5.4.1. Walkability
Median walkability scores for low, low-medium, medium-high, and high walkability quartiles were 5, 13,
19, 27, respectively. Table 5.2 reports the median, minimum and maximum values for environmental vari-
ables by walkability quartiles. Variable values increased monotonically but non-linearly between succes-
sively increasing walkability quartiles. The ratios of environmental median values for high compared to low
walkability quartiles were approximately two times higher than for medium-high compared to low quartiles,
which were approximately two times higher than for low-medium compared to low quartiles. Interquartile
ranges for residential density (0.74–7.25, 9.63–15.62, 16.95–22.31, and 36.60–66.91), intersection density
(1.94–10.34, 34.28–59.01, 66.87–89.86, and 121.50–203.00), and land use mix (0.002–0.014, 0.020–0.048,
0.047–0.081, and 0.088–0.218) did not overlap when stratified by low, low-medium, medium-high, and high
walkability quartiles, and indicates that each variable is contributing to the segmentation of postal area
walkability.
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TABLE 5.2. Median, low, and high values for Sydney Walkability Index environmental variables by walkability
quartiles
Walkability Residential density per ha Intersection density per km2 Land use mix entropy
Median Low High Median Low High Median Low High
Low 2.28 0.11 18.06 3.37 0.08 37.18 0.005 0.000 0.067
Low-medium 13.35 0.00 28.51 46.14 1.53 102.20 0.033 0.001 0.218
Medium-high 19.82 11.96 55.32 79.53 6.44 117.80 0.056 0.030 0.400
High 46.02 22.02 219.70 162.50 80.87 695.10 0.134 0.045 0.631
5.4.2. Prevalence of Physical Activity Outcomes
Prevalence of sufficient walking, sufficient MVPA, and high MVPA to improve health were 31.7 (95% CI
31.4–32.0), 69.4 (95% CI 69.1–69.7), and 56.1 (95% CI 55.8–56.4) percent, respectively. Frequencies, rel-
ative frequencies, and prevalence of physical activity outcomes for area-level factors are reported at the top
of Table 5.1. Sufficient walking to improve health displayed the strongest prevalence gradient for area-level
walkability followed by sufficient MVPA; the gradient for high MVPA was small and inconsistent. Preva-
lence of all outcomes increased with increasing area-level socioeconomic disadvantage but the gradient
was weakest for sufficient walking to improve health.
5.4.3. Individual-level Factors
Sample characteristics and prevalence of study outcomes for individual-level factors are reported in Table 5.1
and full-model odds ratio estimates in Table 5.3. Physical activity outcomes were strongly associated with
individual-level demographic, social, economic, and health status and behavior factors. For all outcomes,
prevalence of sufficient MVPA increased with increasing education level; decreased with increasing numbers
of diagnosed and treated chronic health conditions, functional limitation and emotional problems; and were
higher for females, people who spoke English at home, or were non- or ex-smokers. These gradients and
differences were less pronounced for sufficient walking to improve health than for either sufficient MVPA or
high MVPA. This was also observed for age, which displayed inverted U-shape associations with prevalence
of MVPA outcomes. Prevalence of sufficient walking to improve health decreased with increasing body mass
and was especially low in obese persons; body mass gradients were less consistent for sufficient MVPA and
high MVPA. Health insurance type was unrelated to prevalence of sufficient walking to benefit health but
strongly related to both sufficient MVPA and high MVPA prevalence. The areas under the curve for fully
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adjusted individual-level logistic regression models were 61.0%, 66.6%, and 64.9% for sufficient walking,
sufficient MVPA, and high MVPA, respectively.
TABLE 5.3. Full-model odds ratio estimates for individual-level adjustment variables
Sufficient Walking Sufficient MVPA High MVPA
OR 95% CI OR 95% CI OR 95% CI
Sex p=0.0407 p<0.0001 p<0.0001
Male 1.00 1.00 1.00
Female 0.99 (0.96–1.02) 1.20 (1.16–1.24) 1.21 (1.17–1.25)
Age p<0.0001 p<0.0001 p<0.0001
45–49 1.00 1.00 1.00
50–54 1.13 (1.08–1.19) 1.13 (1.08–1.19) 1.09 (1.04–1.14)
55–59 1.25 (1.19–1.32) 1.13 (1.08–1.20) 1.11 (1.06–1.16)
60–64 1.27 (1.20–1.34) 1.16 (1.10–1.23) 1.15 (1.09–1.21)
65–69 1.20 (1.13–1.28) 1.08 (1.01–1.16) 1.09 (1.03–1.16)
70–74 1.18 (1.10–1.27) 1.06 (0.98–1.14) 1.04 (0.97–1.12)
75–79 1.06 (0.98–1.15) 0.90 (0.83–0.98) 0.90 (0.84–0.98)
80–84 0.93 (0.86–1.01) 0.71 (0.66–0.76) 0.74 (0.69–0.79)
≥85 0.73 (0.66–0.81) 0.53 (0.48–0.58) 0.55 (0.50–0.61)
Language spoken at home p<0.0001 p<0.0001 p<0.0001
English 1.00 1.00 1.00
Other 0.70 (0.93–1.00) 0.70 (0.67–0.73) 0.72 (0.69–0.75)
Education level p<0.0001 p<0.0001 p<0.0001
University degree 1.00 1.00 1.00
Trade, certificate or diploma 0.92 (0.89–0.95) 0.90 (0.87–0.94) 1.01 (0.98–1.04)
Less than secondary school 0.88 (0.85–0.91) 0.76 (0.73–0.79) 0.87 (0.84–0.90)
Secondary school graduation 0.81 (0.77–0.86) 0.59 (0.56–0.62) 0.72 (0.68–0.76)
Relationship status p<0.0001 p<0.0001 p<0.0001
Partner 1.00 1.00 1.00
No partner 1.18 (1.14–1.22) 1.04 (1.00–1.07) 1.02 (0.99–1.05)
Employment status p<0.0001 p<0.0001 p<0.0001
Full-time work 1.00 1.00 1.00
Part-time work 1.10 (1.05–1.15) 1.25 (1.19–1.32) 1.27 (1.21–1.33)
Other work 1.46 (1.30–1.64) 1.81 (1.59–2.06) 1.93 (1.72–2.17)
Not working 1.36 (1.30–1.42) 1.67 (1.59–1.75) 1.73 (1.66–1.81)
Health insurance type p=0.0564 p<0.0001 p<0.0001
Private with extras 1.00 1.00 1.00
Private without extras 1.00 (0.96–1.04) 0.97 (0.93–1.01) 0.99 (0.95–1.03)
Government health care card 1.10 (1.05–1.15) 0.96 (0.92–1.01) 0.95 (0.91–0.99)
None 1.05 (1.01–1.10) 0.91 (0.87–0.95) 0.92 (0.89–0.96)
Smoking status p<0.0001 p<0.0001 p<0.0001
Never smoked 1.00 1.00 1.00
Past smoker 1.11 (1.07–1.14) 1.15 (1.12–1.19) 1.16 (1.13–1.20)
Current smoker 0.97 (0.92–1.03) 0.82 (0.78–0.87) 0.90 (0.86–0.96)
Continues on next page
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TABLE 5.3. Full-model odds ratio estimates for individual-level adjustment variables (cont.)
Sufficient Walking Sufficient MVPA High MVPA
OR 95% CI OR 95% CI OR 95% CI
Body mass category p<0.0001 p<0.0001 p<0.0001
Underweight 1.18 (1.05–1.33) 0.81 (0.72–0.91) 0.87 (0.77–0.97)
Normal weight 1.00 1.00 1.00
Overweight 0.87 (0.84–0.90) 0.86 (0.83–0.89) 0.89 (0.86–0.91)
Obese 0.66 (0.63–0.69) 0.62 (0.60–0.65) 0.66 (0.64–0.69)
Diagnosed chronic conditions p<0.0001 p<0.0001 p<0.0001
0 1.00 1.00 1.00
1 1.04 (1.01–1.08) 1.00 (0.96–1.03) 1.00 (0.97–1.04)
2 1.07 (1.02–1.12) 1.00 (0.96–1.04) 1.00 (0.96–1.04)
3 or more 1.01 (0.94–1.08) 0.91 (0.85–0.97) 0.94 (0.88–1.00)
Treated chronic conditions p<0.0001 p<0.0001 p<0.0001
0 1.00 1.00 1.00
1 1.06 (1.03–1.10) 1.05 (1.01–1.09) 1.00 (0.97–1.04)
2 1.04 (0.99–1.09) 0.97 (0.93–1.02) 0.95 (0.91–0.99)
3 or more 0.99 (0.93–1.06) 0.91 (0.86–0.97) 0.92 (0.87–0.98)
Functional limitation p<0.0001 p<0.0001 p<0.0001
None 1.00 1.00 1.00
Minor 1.01 (0.97–1.04) 0.88 (0.84–0.91) 0.80 (0.77–0.83)
Moderate 0.79 (0.76–0.82) 0.62 (0.59–0.65) 0.58 (0.56–0.60)
Severe 0.42 (0.40–0.44) 0.32 (0.30–0.34) 0.33 (0.32–0.35)
Emotional problems p<0.0001 p<0.0001 p<0.0001
None 1.00 1.00 1.00
Minor 0.90 (0.86–0.94) 1.04 (0.99–1.08) 1.01 (0.97–1.05)
Moderate 0.88 (0.83–0.93) 0.95 (0.90–1.00) 0.93 (0.88–0.98)
Severe 0.84 (0.80–0.89) 0.84 (0.80–0.89) 0.84 (0.80–0.89)
MVPA Moderate to vigorous physical activity, OR Odds ratio, CI Confidence interval
5.4.4. Weighting
Figure 5.1 summarizes relationships between unweighted and weighted physical activity prevalence ratios
for the 255 postal areas for which survey data were available. Left panel plots show prevalence ratios derived
using unadjusted expected values, and right panel plots show prevalence ratios derived using expected
values adjusted for individual-level factors. Strong linear relationships were observed between unweighted
and weighted prevalence ratios for all physical activity outcomes, regardless of the method used to derive
expected cases. Correlation coefficients for sufficient walking, sufficient MVPA, and high MVPA were 0.98,
0.96, and 0.97 for unadjusted, and 0.98, 0.94, and 0.96 for adjusted prevalence ratios, respectively. Based
on these strong relations, we determined that weighting was not necessary for spatial analyses, and fit
disease mapping models to unweighted sample data.
94
5.4. RESULTS
FIGURE 5.1. Comparison of unweighted and post-strata weighted postal area prevalence ratios for physical
activity outcomes in Sydney Statistical Division
Post-strata were formed by postal areas (N=260), sex (male and female), and five-year age groups (45–84 and≥85 years). Left panel plots show relationships for
prevalence ratios with no adjustment for individual-level factors. Right panel plots show relationships for prevalence ratios adjusted for individual-level demographic,
economic, and health factors using logistic regressions.
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TABLE 5.4. Conditional autoregressive model summaries for sufficient walking to improve health
Model 1 Model 2 Model 3 Model 4 Model 5
Individual-level adjustment No Yes Yes Yes Yes
Parameter estimates (PR, 95% CrI)
Constant 1.00 (0.99–1.02) 1.01 (0.99–1.02) 0.94 (0.90–0.98) 1.03 (1.00–1.08) 0.97 (0.91–1.03)
Walkability
Low – – 1.00 – 1.00
Low-medium – – 1.03 (0.99–1.08) – 1.03 (0.98–1.07)
Medium-high – – 1.07 (1.01–1.13) – 1.05 (0.99–1.11)
High – – 1.20 (1.12–1.29) – 1.18 (1.09–1.27)
Socioeconomic disadvantage
High – – – 1.00 1.00
High-medium – – – 0.98 (0.93–1.03) 0.98 (0.94–1.03)
Medium – – – 0.99 (0.94–1.04) 1.00 (0.95–1.05)
Medium-low – – – 0.97 (0.91–1.02) 0.97 (0.92–1.03)
Low – – – 0.92 (0.86–0.98) 0.94 (0.89–1.00)
Model diagnostics
pD 92.37 75.41 62.05 76.81 65.25
DIC 1875.16 1858.87 1855.11 1857.33 1854.39
Fit (1=best, 5=poorest) 5 4 2 3 1
Spatial fraction 0.98 0.97 0.90 0.97 0.93
PR prevalence ratio, CrI credible interval, pD effective parameters, DIC Deviance Information Criterion
Model 1 null model with expected cases proportional to the overall prevalence
Model 2 null model with expected cases adjusted for individual-level factors
Model 3 Model 2 + Sydney Walkability Index
Model 4 Model 2 + Index of Relative Socioeconomic Disadvantage
Model 5 Model 3 + Index of Relative Socioeconomic Disadvantage
5.4.5. Spatial Analysis
Tables 5.4-5.6 summarize conditional autoregressive models 1–5 for sufficient walking, sufficient MVPA,
and high MVPA to improve health, respectively. Mean baseline models (M1) indicated very high levels
of clustering with ≥97% of residual variation due to unobserved, spatially structured factors. Differences
in effective parameters (pD) and DIC values indicated that the addition of expected cases adjusted for
respondent-level variables (M2) simplified models and substantially improved fits over M1 for sufficient walk-
ing (∆DIC=−16.3), sufficient MVPA (∆DIC=−76.9), and high MVPA (∆DIC=−76.7). These were the
best fitting models for sufficient MVPA and high MVPA, and reduced spatial variation by 84.2% and 82.2%,
respectively. The best fitting model for sufficient walking was M5, which included SWI and IRSD, and re-
duced the DIC and spatial variance by 20.8% and 75.6% over M1, respectively.
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TABLE 5.5. Conditional autoregressive model summaries for sufficient MVPA to improve health
Model 1 Model 2 Model 3 Model 4 Model 5
Individual-level adjustment No Yes Yes Yes Yes
Parameter estimates (PR, 95% CrI)
Constant 0.99 (0.99–1.00) 1.00 (0.99–1.01) 0.99 (0.97–1.01) 1.00 (0.97–1.02) 0.98 (0.96–1.01)
Walkability
Low – – 1.00 – 1.00
Low-medium – – 1.00 (0.98–1.02) – 1.00 (0.97–1.02)
Medium-high – – 1.01 (0.98–1.04) – 1.01 (0.98–1.04)
High – – 1.05 (1.01–1.08) – 1.04 (1.01–1.08)
Socioeconomic disadvantage
High – – – 1.00 1.00
High-medium – – – 1.00 (0.97–1.03) 1.00 (0.97–1.02)
Medium – – – 1.00 (0.97–1.03) 1.00 (0.97–1.03)
Medium-low – – – 1.02 (0.99–1.06) 1.02 (0.99–1.05)
Low – – – 1.00 (0.97–1.03) 1.00 (0.97–1.03)
Model diagnostics
pD 67.54 30.68 28.77 32.31 30.16
DIC 1983.08 1906.15 1906.62 1909.87 1909.89
Fit (1=best, 5=poorest) 5 1 2 3 4
Spatial fraction 0.97 0.85 0.75 0.83 0.69
PR prevalence ratio, CrI credible interval, pD effective parameters, DIC Deviance Information Criterion
Model 1 null model with expected cases proportional to the overall prevalence
Model 2 null model with expected cases adjusted for individual-level factors
Model 3 Model 2 + Sydney Walkability Index
Model 4 Model 2 + Index of Relative Socioeconomic Disadvantage
Model 5 Model 3 + Index of Relative Socioeconomic Disadvantage
Interaction models (M6) found no evidence that IRSD modified associations between SWI and prevalence
of sufficient walking (∆DIC=8.2), sufficient MVPA (∆DIC=22.9) or high MVPA (∆DIC=22.7) to improve
health. However, there was strong support for the simpler sufficient walking model M3 without IRSD com-
pared to the best fitting M5 (see Table 5.4). The DIC for M3 increased by only 0.7, had fewer effective
parameters, and reduced spatial variation by a further 28.3% relative to M5. There was also strong sup-
port for an association between SWI and prevalence of sufficient MVPA model M3 (see Table 5.5). This
model had a slightly increased DIC compared to the best fitting model M2 (∆DIC=0.5) but fewer effective
parameters and reduced postal area clustering by an additional 47.4%.
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TABLE 5.6. Conditional autoregressive model summaries for high MVPA
Model 1 Model 2 Model 3 Model 4 Model 5
Individual-level adjustment No Yes Yes Yes Yes
Parameter estimates (PR, 95% CrI)
Constant 0.99 (0.98–1.00) 1.00 (0.99–1.01) 0.99 (0.97–1.02) 0.99 (0.96–1.01) 0.99 (0.95–1.02)
Walkability
Low – – 1.00 – 1.00
Low-medium – – 0.99 (0.97–1.02) – 0.99 (0.96–1.02)
Medium-high – – 1.00 (0.96–1.03) – 0.99 (0.96–1.03)
High – – 1.03 (0.98–1.07) – 1.02 (0.98–1.07)
Socioeconomic disadvantage
High – – – 1.00 1.00
High-medium – – – 1.00 (0.97–1.03) 0.99 (0.96–1.03)
Medium – – – 1.01 (0.98–1.04) 1.01 (0.97–1.04)
Medium-low – – – 1.04 (1.00–1.07) 1.03 (1.00–1.07)
Low – – – 1.01 (0.97–1.05) 1.01 (0.97–1.05)
Model diagnostics
pD 78.57 38.51 39.12 38.15 38.24
DIC 1963.23 1886.54 1889.39 1890.17 1892.30
Fit (1=best, 5=poorest) 5 1 2 3 4
Spatial fraction 0.98 0.90 0.88 0.86 0.83
PR prevalence ratio, CrI credible interval, pD effective parameters, DIC Deviance Information Criterion
Model 1 null model with expected cases proportional to the overall prevalence
Model 2 null model with expected cases adjusted for individual-level factors
Model 3 Model 2 + Sydney Walkability Index
Model 4 Model 2 + Index of Relative Socioeconomic Disadvantage
Model 5 Model 3 + Index of Relative Socioeconomic Disadvantage
The left-hand panels of Figure 5.2 plot the residual geographic variation in unadjusted mean prevalence
rate ratios (M1) for sufficient walking, sufficient MVPA, and high MVPA to improve health, which ranged
from 0.79–1.56, 0.87–1.19, and 0.84–1.20, respectively. There is clear evidence for geographic clustering
of postal areas with lower prevalence in southern Sydney and higher prevalence in eastern Sydney. Low
rates of sufficient walking are also evident in central north Sydney, and clusters of higher rates of sufficient
and high MVPA in outer western Sydney. The right-hand panels of Figure 5.2 show residual prevalence
rate ratios for fully-adjusted models (M5). Residual prevalence rate ratios for all outcomes were attenuated
with ranges reduced to 0.90–1.25, 0.98–1.04, and 0.97–1.07 for sufficient walking, sufficient MVPA, and
high MVPA, respectively. Despite these reductions, spatial fractions and disease maps indicated residual
variance was principally spatial with higher prevalence on the eastern seaboard, and lower prevalence in
central and southern Sydney. A north-south band of low prevalence is also evident for sufficient walking to
improve health.
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FIGURE 5.2. Excess prevalence ratios for physical activity outcomes in Sydney Statistical Division
Excess prevalence ratios were derived by exponentiating the sum of the log odds for the spatial and non-spatial random effects. Left panel maps report estimates
from unadjusted models (Model 1) using the mean prevalence for the study area to calculate expected cases. Right panel maps report estimates from fully
adjusted models including area-level walkability and relative socioeconomic disadvantage (Model 5) with expected cases derived from individual-level logistic
regression models.
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5.5. Discussion
To our knowledge this is the first study to report macro-level associations between walkability and MVPA
to improve health using a representative large-scale cohort and geospatial methods. Our results provide
support for a positive association between increasing postal area walkability and prevalence of sufficient
walking to improve health; weaker support for a positive association between increasing postal area walka-
bility and prevalence of sufficient MVPA to improve health; and no support for an association between postal
area walkability and prevalence of high MVPA. These findings are independent of individual-level demo-
graphic, social, economic, and health factors, and area-level socioeconomic disadvantage. We also found
geographic clustering in prevalence of all MVPA outcomes, with higher rates of sufficient walking, sufficient
MVPA, and high MVPA to improve health in the central business district and adjacent east-coast areas, and
lower rates through central and southern Sydney. Approximately half of this spatial variation is explained
by postal area walkability for sufficient walking and sufficient MVPA to improve health. Taken together,
our findings extend individual-level environment-behavior relations between walking to improve health and
walkability to population and spatial scales typically used for health planning, intervention, and surveillance;
highlight the utility of spatial analysis for informing walkability research and planning; and support the validity
of undertaking geographical analysis on the 45 and Up Study cohort.
5.5.1. Walkability and Moderate and Vigorous Physical Activity
Syntheses of the research literature consistently report that residents in highly walkable neighborhoods are
more likely to participate in MVPA, especially for active transportation, than residents in less walkable neigh-
borhoods [see 2, 6, 31, 75, 80, 477]. Some of these reviews have additionally concluded that the evidence
is sufficiently robust to recommend incorporating built environment factors, including walkability, into urban
design, transportation, and health planning [31, 75]. However, this evidence base is largely derived us-
ing individual-level studies that measure walkability at micro-environmental spatial scales [15], which has
raised concerns about its validity for population-level action [17]. Our results indicate that increasing macro-
environmental walkability at the postal area level is positively associated with population-levels of sufficient
walking to improve health. Prevalence of sufficient walking to improve health was 12–29% greater in high
versus low walkable areas, and 1–8% greater in medium-high versus low walkable areas; no difference was
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observed between medium-low and low walkability areas. These results indicate that micro-level associa-
tions between walkability and walking manifest at macro-level spatial scales that are similar to those used for
population health planning and intervention; support the validity of individual-level walkability evidence for
informing population-level action to increase walking for health; and extends to middle and older aged popu-
lations, with previous research showing increased area-level walkability is associated with higher prevalence
of walking in employed populations [12, 44, 147]. Our results also provide helpful information for targeting
interventions to increase walking and walkability identified in the New South Wales State Government’s plan
for growing Sydney [466].
We observed a monotonically increasing exposure-response gradient between postal area walkability and
prevalence of sufficient walking to benefit health. The effect size for high versus low walkability areas
was three and seven times greater than for medium-high and low-medium versus low areas, respectively.
This suggests a threshold effect whereby high levels of environmental walkability are required to observe
an association with population-levels of sufficient walking to improve health. In our study this equated to
median values of 46.0 residential dwellings per hectare, 162.5 intersections per square kilometer, and a
land use entropy mix of 0.13. We have previously raised the possibility of a walkability threshold in the
Sydney metropolitan region [44], and Kelly et al. have recently reported macro-level journey to work results
for North American populations consistent with a threshold effect [147]. However, we are unable to preclude
the possibility that any threshold is due to scale effects, which can diminish associations as spatial granularity
coarsens [478]. For example, Australian research has demonstrated that associations between walkability
and individual-level walking for transport attenuate as walkability is measured at increasingly coarser spatial
scales [38]. However, the similarity of our results to other macro-level studies conducted at finer geographic
resolutions [e.g., 44, 147], and our matching of outcome and exposure scales, provide some evidence
against a spatial scale artefact.
We found support for an association between walkability and sufficient MVPA to improve health after ad-
justing for individual differences. This finding was somewhat unexpected as walkability indexes are typically
specific for utilitarian walking [1, 12, 44], although findings have been increasingly mixed in recent years with
both positive [479] and null [38, 139] results reported. Our finding possibly reflects the very high prevalence
of walking in our cohort. Sufficient MVPA to improve health was reported by 69.4% of Sydney respondents
of which 45.7% attained this from walking alone. A large subset of sufficiently active walkers may also
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explain other positive findings for MVPA reported in the walkability literature [e.g., 479], and reaffirms the
strategy of promoting moderate-intensity walking to increase population levels of sufficient MVPA to improve
health [65–68].
Our results provide no evidence for a macro-level association between postal area walkability and preva-
lence of high MVPA to enhance health. We defined high MVPA as ≥300 minutes per week, which equates to
approximately 60 minutes of moderate or 30 minutes of vigorous intensity activity on most days of the week.
This outcome was chosen as it is thought to reflect the minimum MVPA required for prevention of weight gain
and some cancers [70]. It is likely that persons meeting this threshold would do so through a combination
of moderate and high intensity physical activity, and not by walking alone. Vigorous physical activity is most
consistently associated with availability of home exercise equipment and convenience of nearby facilities
[480–483], which are distinctly different environmental factors to those underpinning walkability. As such,
this study extends our previous findings [44] on the domain specificity of the SWI in employed populations
to the general population aged 45 years and over living in Sydney, Australia.
5.5.2. Geographic Variation in Moderate and Vigorous Physical Activity
We observed very high levels of geographic clustering for all MVPA outcomes in unadjusted spatial analysis
with increased prevalence in the Sydney central business and surrounding east-coast areas, and reduced
prevalence through central and southern Sydney. Postal area walkability explained 65.8% and 47.4% of
residual geographic variation in sufficient walking and sufficient MVPA to improve health but only 15.5% of
high MVPA. These associations were readily apparent in disease maps, and were substantially attenuated
by the inclusion of postal area walkability in spatial models. We believe presenting population-level variation
in MVPA as disease maps is likely to be especially helpful for identifying and targeting areas that may benefit
from infrastructure upgrades or developments, and generating hypotheses for additional research. This is
supported by primary health care research showing maps are readily comprehended by decision-makers,
and can facilitate the alignment of services, and interventions with population needs [334].
Ours appears to be the first built environment study to quantitatively demonstrate associations between
area-level walkability and spatial patterning in population-levels of sufficient walking and MVPA to improve
health. Merom and colleagues have previously reported geographic variation in prevalence and increases in
prevalence in any walking for Sydney local government areas between 2002–2012 [15]. They also observed
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highest prevalence in the Sydney business district and adjacent areas, and lowest prevalence through cen-
tral and southern Sydney. Our findings expand on this research in a number of aspects. First, our study
used fully Bayesian hierarchical models to account for, and leverage, spatial autocorrelation to produce
“smoothed” effect estimates, valid credible intervals, and partition variation into spatially structured and un-
structured components. Second, we used MVPA outcomes that are routinely used to monitor health status in
Australian populations. Third, we conducted our study at a much finer spatial resolution in order to maximize
between-area heterogeneity and increase the locational specificity of our results [484]. Fourth, we evaluated
the proportion of excess spatial variation in MVPA outcomes that was attributable to postal area walkability
after removing variation due to individual and area level demographic, social, economic, and health status
factors. Together, these differences allowed us to produce robust disease maps over a shorter time horizon
and identify regions where walkability may be contributing to population differentials in sufficient MVPA to
improve health.
We also observed spatial clustering in high MVPA to improve health but this was unrelated to postal area
walkability. Variation in high MVPA to enhance health is most consistently associated with availability of
home exercise equipment and convenience of nearby facilities [480–483]. There is also some evidence
that higher densities of exercise facilities within 1,000 metres of an individual’s residence is associated with
increased duration of MVPA and odds of meeting physical activity recommendations [175]. The extent to
which the observed geographic variation in high MVPA in Sydney is attributable to the spatial distribution of
these and other environmental factors was beyond the scope of our study but could easily be addressed
by including density estimates into our analytic framework, and warrants further investigation given the
hypothesised benefits of high MVPA for the prevention of weight gain and some cancers [70].
Excess prevalence for all outcomes decreased after adjusting for individual-level factors; however, despite
these reductions disease maps remained highly clustered, especially for walking. This finding has important
methodological implications because it suggests (1) spatial autocorrelation is an inherent feature of built
environment data, and (2) individual differences do not fully explain this clustering. Spatial autocorrelation is
a problem for linear regression because it violates the assumption that residuals are independent and identi-
cally distributed, which may lead to erroneous inference [485]. Concerns regarding ‘spatial multicollinearity’
in the walkability literature are not new but have focused on the covariation between built environment fac-
tors [61]. For example, NQLS-based walkability indexes aggregate data across environmental variables to
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minimize multicollinearity and leverage their ‘synergy’ [12]. However, this does not account for spatial auto-
correlation in the distributions of outcome or study factors, which may be substantial based on our results.
Multilevel analysis using general and generalized linear mixed models (GLMM) provides one solution to ac-
count for spatial autocorrelation, and is already used widely in the built environment literature for individual-
level analyses where walkability is measured at meso-levels [2]. There are two problems with this approach:
first, researchers typically use GLMM only when walkability is measured at a level different to that used for
inference, and are unlikely to consider more complex analytical models for apparently non-hierarchical de-
signs; and second, GLMM most often employ a covariance structure that conflates spatial and non-spatial
variation within a single variance component [299]. Our study highlights the utility of examining this spatial
component for informing policy and planning activities. We therefore recommend the use of spatial models
in built environment research to (1) make explicit the expectation of spatial structure in the environment-
behavior data under investigation; and (2) identify geographic variation in outcomes to inform population-
level programming. We believe the Bayesian disease mapping and ecological regression approach used in
our study is especially useful in this regard because it incorporates both individual and area-level factors; is
easily implemented in freely available statistical software; and will provide unbiased effect estimates in the
absence of spatial variation [331].
5.5.3. Area-level Socioeconomic Disadvantage and Moderate and Vigorous Physical Activity
Area-level relative socioeconomic disadvantage was not identified as a correlate, confounder or effect modi-
fier in any of our walking or MVPA models. This differs from our previous study that found median household
income was independently associated with walking to work, and attenuated associations between SWI and
walking to work at the smaller Census Collection District level in Sydney metropolitan region [44]. Kelly and
colleagues have reported similar findings for block group prevalence of walking to work in the St. Louis City
and County areas of North America [147]. These differences likely reflect methodological improvements
in our current study, including adjustment for individual-level factors to account for heterogeneity in the de-
mographic, social, economic, and health characteristics of postal area respondents. Our findings therefore
extend empirical observations that area-level socioeconomic status is unrelated to individual-level walking
and walkability after adjusting for person-level factors [139] to population-level associations between MVPA
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and walkability, and reaffirm the potential of walking to address population inequalities in MVPA participation
[486].
5.5.4. Implications for Policy and Planning in Sydney
The Sydney environment will be transformed over the next 20 years through the Plan for Growing Sydney
[466], which aims to accommodate a projected population increase of one million people by developing
communities that are strong, healthy, and well connected. Creating local opportunities for transport-related
walking through strategic land use and infrastructure developments is a key strategy of this plan [466]. En-
suring these developments and upgrades maximize transport, health, and environmental benefits will be a
significant challenge for population health advocates. Our study indicates that participation in sufficient walk-
ing to improve health is not uniform across Sydney but varies geographically. This structure is independent
of individual-level demographic, social, environmental, and economic factors, and unrelated to area-level
socioeconomic disadvantage—factors often considered instrumental in urban design, transportation, and
health policy and planning [e.g., 102, 466]. The SWI has the potential to inform these decisions by charac-
terizing the walkability of geographic areas with lower than expected MVPA participation rates with a view
to prioritizing infrastructure upgrades and developments that support active transportation and walking for
other purposes [1, 466].
5.5.5. Strengths and Limitations
This study has a number of strengths. First, we linked the SWI to high-quality and geocoded baseline
data from the 45 and Up Study, which allowed us to examine area-level associations between walking in-
frastructure and population-levels of MVPA adjusting for individual-level factors. The 45 and Up Study is a
prospective cohort with approximately quinquennial follow-up [397]. As these follow-up data are collected,
geocoded, and made available to researchers, they will provide unique opportunities to examine the influ-
ence of walkability on the walking behavior and health outcomes of individuals and populations with increas-
ingly sophisticated designs [44]. Second, we measured walkability using the SWI [44], which is derived from
NQLS [12] and PLACE [1] walkability indexes. These indexes form the basis of an extensive national and
international literature linking increased environmental walkability to individual-levels of sufficient moderate-
intensity physical activity to enhance health [44], and provides an international context for our findings and
methodological approach for population-level programming and built environment research. Third, we used
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a Bayesian disease mapping and ecological regression study design that allowed us to quantify the geo-
graphic variation in MVPA outcomes attributable to postal area walkability after removing variation explained
by other individual and area-level factors. Our approach appears novel in the walkability literature despite its
common use in epidemiology for small area estimation problems [330, 378]. A particular advantage of this
approach is the capacity to produce smoothed disease maps to communicate variation in geographic risk
to politicians, planners, and policymakers. Fourth, we used a spatial scale more proximal to those typically
used for population health planning and status monitoring [15] but within the upper range of buffers used
for individual-level analyses [196, 197]. However, we caution against interpreting area-level walkability as
simply an average of individual-level exposures within the areal unit. Area-level walkability is derived at the
spatial scale of analysis. It is a contextual measure of the area’s built environment to which groups, commu-
nities and populations are exposed. That is, we maintain area-level walkability is a characteristic of the areal
unit and measures an aspect of walkability that is qualitatively different to individual-level walkability. Finally,
we observed that unweighted prevalence ratios used in our spatial analyses were analogous to those de-
rived using post-stratification weighting, which provides support for the generalizability of our findings and
spatial trends to the Sydney Statistical Division.
Our study is also subject to a number of limitations. First, our study sample included all Sydney respon-
dents to the 45 and Up Study with complete data on selected baseline survey items. Although the 45
and Up Study includes approximately 10% of the NSW Population aged ≥45 years, the cohort is younger,
more highly educated, and more likely to speak English at home and live with a partner than the Sydney
study base [45]. Our sub-sample reflected these cohort characteristics. Point estimates may be biased by
non-response in cohort studies [487, 488]; however, relative measures of effect are generally considered
representative of the study base [489–493]. The external validity of 45 and Up Study results is supported
by research showing that relative effect measures derived from this cohort are consistent with those from
population-representative surveys [472], irrespective of sample weighting. The very high correlations be-
tween unweighted and weighted postal area prevalence estimates described in our study are consistent
with these observations, and provide support for the external validity of our findings.
Second, we used a two-step approach to model associations between postal area physical activity and
walkability using ecological spatial regressions that were adjusted for person-level factors by including model
offsets derived from individual-level regressions. This approach is often used for spatial analyses where area
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and individual-level factors cannot be incorporated into a single parsimonious model [see 442–444, 494];
however, both individual and area-levels factors would ideally be modeled concurrently. These types of
multilevel spatial models are starting to appear in the methodological literature [see 388, 495] but are not
yet easily implemented in standard statistical packages and require distributed computational environments
for large data problems [388], which prohibited their use in our study.
Third, although widely used for environment-behavior research, NQLS-based indexes are derived using
population-specific cut-points for defining walkability quartiles, which can result in data-dependent exposure
categories [496–498]. To increase the utility of our findings for planners, policy analysts, and researchers,
we have reported the median, minimum, and maximum environmental variable scores associated with walk-
ability quartiles in our study area. These values compare favorably with the limited number of studies that
also report environmental values within walkability quartiles [see 112, 207, 499], and provides support for
the international relevance of our findings. A small number of recent studies have directly modeled asso-
ciations between NQLS environmental variables and minutes spent in moderate-intensity physical activity
[e.g., 42, 237, 500]. These studies employed non-parametric generalized additive models (GAM) with spline
functions to account for the complex, non-linear relationships between exposure and outcome variables.
This was beyond the scope and resources of our study, which would have required fitting computationally
intensive penalized spline terms to our already resource-demanding conditional autoregressive models. We
therefore recommend that analysts and researchers carefully consider the concordance of built environ-
ment characteristics between their target environments and the Sydney metropolitan area before utilising
our findings for population-level policy, planning, and intervention.
Fourth, we were unable to evaluate if our results were sensitive to the spatial scale at which area-level
walkability is measured because our access to geocoded data was limited to postal area identifiers. The
modifiable areal unit problem has the potential to affect all spatial analyses that do not have access to
individual-level longitude and latitude coordinates [209]. However, the concordance of our results with pre-
vious macro-level studies conducted at finer spatial resolutions [see 12, 44, 147] supports the robustness
of our findings. Fifth, postal areas are Australian Census statistical output units, so their geographic dimen-
sions and populace may not be representative of planning geographies used in other countries. Finally, we
used a cross-sectional design which precluded considerations of causality.
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5.6. Conclusion
Our study appears to be unique in the walkability literature for its population focus and spatial approach. We
observed that increasing postal area walkability was associated with higher prevalence of sufficient walking
and sufficient MVPA to benefit health in Sydney, and accounts for large proportions of the residual geo-
graphic variation in these outcomes that remains after adjusting for individual and area-level demographic,
social, economic, and health factors. Our results support the potential of walkability indexes to inform and
target population-level programming, especially if local context is incorporated into these activities, and af-
firms the importance of including “place” in walkability research and planning to ensure the robustness of
outcomes. From a practical perspective, our study demonstrates the utility of disease maps for communicat-
ing adverse geographic risk of MVPA outcomes and the extent to which this may be attributable to modifiable
environmental factors such as walkability. Finally, our findings provide another resource for the NSW Gov-
ernment to use in sustainably growing Sydney by identifying regional opportunities for strategic land use
and infrastructure developments to increase population-levels of walking and create built environments that
support health.
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CHAPTER 6
Walkability and Spatial Variation in High Body Mass
Preamble
Chapter 5 focused on walkability and prevalence of health-enhancing walking, with total and high moderate
and vigorous physical activity (MVPA) included to assess the specificity of associations. Prevalence was
spatially structured for all outcomes, and associated with walkability for moderate-intensity walking and total
MVPA. Including walkability in spatial models also reduced the amount of excess spatial variation in sufficient
walking and total MVPA. These findings support the potential of walkability indexes to inform population-
scale planning and target environmental interventions aimed at increasing participation in physical activity,
especially walking.
This chapter considers the related but less specific outcome of high body mass, which has high public health
priority and some evidence linking it to macro-level walkability indicators, including urban sprawl [e.g. 149–
151] and car dependence [25]. Walkability indexes have also been suggested as potential tools for informing
planning and policy aimed at reducing population-levels of overweight and obesity by creating environments
that promote participation in physical activity [35]; however, only limited consideration has been given to
their use at the administrative scales where these decisions are made. The current study assesses this
possibility using the same innovative geospatial methods and 45 and Up Study [45] data as chapter 5. It
addresses the research question 3: are overweight and obesity clustered in Sydney, and to what extent is
this associated with area-levels of walkability measured using the Sydney Walkability Index?
Unlike psychosocial distress addressed in the following chapter, there is greater certainty in the literature
that physical activity mediates relations between walkability and high body mass. Adjusting for intermediate
variables is known to bias the total effect of an exposure on the outcome [259–264]. As such, no adjustment
for total MVPA is made in this chapter; however, Appendix B includes an evaluation of the sensitivity of high
body mass findings to adjusting for total MVPA to assess concerns raised in the review literature that null
findings for walkability and high body mass may be due to inappropriate control for physical activity [258].
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Area-Level walkability and the geographic distribution of high body mass in Sydney, Australia: A
spatial analysis using the 45 and Up Study
This chapter was published in a special issue of the International Journal of Environmental Research and
Public Health on “Walkable Neighborhoods: The Link between Public Health, Urban Design, and Trans-
portation” (https://www.mdpi.com/journal/ijerph/special_issues/walkable_neighborhoods). It is structured as
it appears in the original open access journal article (see appendix C3):
Mayne DJ, Morgan GG, Jalaludin BB, Bauman AE. Area-Level walkability and the geographic distribution of
high body mass in Sydney, Australia: A spatial analysis using the 45 and Up Study. Int J Environ Res Public
Health 2019;16(4):664.
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6.1. Abstract
Improving the walkability of built environments to promote healthy lifestyles and reduce high body mass is
increasingly considered in regional development plans. Walkability indexes have the potential to inform,
benchmark and monitor these plans if they are associated with variation in body mass outcomes at spatial
scales used for health and urban planning. We assessed relationships between area-level walkability and
prevalence and geographic variation in overweight and obesity using an Australian population-based cohort
comprising 92,157 Sydney respondents to the 45 and Up Study baseline survey between January 2006
and April 2009. Individual-level data on overweight and obesity were aggregated to 2006 Australian postal
areas and analysed as a function of area-level Sydney Walkability Index quartiles using conditional auto
regression spatial models adjusted for demographic, social, economic, health and socioeconomic factors.
Both overweight and obesity were highly clustered with higher-than-expected prevalence concentrated in the
urban sprawl region of western Sydney, and lower-than-expected prevalence in central and eastern Sydney.
In fully adjusted spatial models, prevalence of overweight and obesity was 6% and 11% lower in medium-
high versus low, and 10% and 15% lower in high versus low walkability postcodes, respectively. Postal area
walkability explained approximately 20% and 9% of the excess spatial variation in overweight and obesity
that remained after accounting for other individual- and area-level factors. These findings provide support
for the potential of area-level walkability indexes to inform, benchmark and monitor regional plans aimed at
targeted approaches to reducing population-levels of high body mass through environmental interventions.
Future research should consider potential confounding due to neighbourhood self-selection on area-level
walkability relations.
6.2. Introduction
The increasing prevalence of overweight and obesity is a universal and urgent public health problem [239].
High body mass index ≥25 kg/m2 (overweight or obese) contributed 5.7% of total disability adjusted life years
(DALY) to the global burden of disease in 2016, making it the fifth leading risk factor—up from 2.7% of total
DALYs and a ranking of 12 in 1990 [242]. High body mass is a risk factor for cardiovascular disease, cancer,
type 2 diabetes mellitus, and musculoskeletal conditions [244, 245], while its economic costs to health care
systems and communities grow with increasing levels of overweight and obesity [246]. The physiological
energy imbalance that underlies high body mass is influenced by genetic, behavioural, social, economic, and
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environmental factors operating within multiple complex systems [247, 249, 250]. Reducing the health and
economic burdens of overweight and obesity will require shifts in these population-level systems [249]. For
example, environmental interventions that typically produce small individual-level effects may aggregate into
large population-level benefits because exposure is ubiquitous [5, 250] and relatively persistent [464, 467].
The built environment refers to that “part of the physical environment. . . constructed by human activity” [2,
p.S550], and is hypothesised to contribute to high body mass by influencing lifestyle behaviours that underlie
its development [250]. The emerging consensus from the extensive literature is that the built environment
evidence base is sufficiently developed to incorporate into planning, policy and interventions aimed at re-
ducing high body mass [249, 343], although uncertainties remain (see reviews by [80, 115, 167, 256, 258]).
”Walkability” describes the capacity of the built environment to promote walking for multiple purposes [1],
and may contribute to reducing overweight and obesity by promoting participation in total daily moderate-
intensity physical activity [5, 67, 68, 91, 167, 250]. To this end, it is increasingly considered in development
plans aimed at enhancing physical and social infrastructure to promote healthy lifestyles and reduce the
burden of chronic conditions like high body mass on populations (e.g., [97, 98, 100, 101]).
Walkability indexes have been identified as potentially useful tools for planning, benchmarking and monitor-
ing environmental policies and interventions to improve walkability, and translating the outcomes of walk-
ability research from rhetoric to action [7, 35]. While numerous indexes exist (e.g., [4, 64, 149, 153, 155,
185, 501–503]), the Neighborhood Quality of Life Study (NQLS) [12] and Physical Activity in Localities and
Community Environments (PLACE) Study [1] indexes remain the most influential [47]; underpin a majority
of research linking walkability to health behaviours and outcomes, including high body mass [167]; and are
applicable in planning, policy and practice settings [7], which is facilitated by their capacity to be constructed
at multiple spatial resolutions [12, 44]. These indexes operationalise walkability using residential density,
street connectivity, land use mix and, if available, retail floor area ratio, destinations or density within a
geographic information system [1, 12, 44]. Index variables serve as proxy measures for built environment
attributes associated with walking. Land use mix measures the diversity and concentration of land uses in
an area, while intersection density measures the directness of paths [12]. Compact areas with diverse land
uses that are highly connected promote walking by reducing the distance between origins and destinations
[1, 5, 44]. Similarly, high population densities provide critical masses that concentrate diverse destinations
within compact areas [2, 12, 44], and is measured by residential density. The ratio of retail floor area to retail
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land use is a measure of pedestrian access, with larger values indicating greater area given to pedestrian
uses and less area to car parking [504].
The extent to which walkability indexes are associated with health outcomes at population scales is a key
consideration in their utility to benchmark and guide planning and policy aimed at reducing population-levels
of overweight and obesity [22, 35]. This is because health and urban planning that influences environmental
walkability occurs at local, urban and regional scales [13, 14]; that is, for communities and populations.
These meso (neighbourhoods/communities) and macro (cities) geographic scales are much coarser than
typically used in studies to derive built environment exposure-response evidence [15, 22], which mostly focus
on individual (micro) level risk (see reviews by [32, 80, 91, 167, 256, 258]). Measured at the micro-scale,
walkability is typically derived within a radial or street-based network buffer of 200–1600 metres around a
residential address; reflects the immediate built environment to which an individual is exposed [196, 197];
and is preferred for individual-level research.
In contrast, when measured at meso- and macro-scales, walkability (or sprawl) is usually calculated within
an administrative boundary; represents a contextual variable describing the shared built environment to
which groups, communities and populations are exposed; and is especially useful for area-level (ecological)
research and planning applications [22]. Using individual-level walkability evidence to inform activity at
coarser planning scales has raised concern in the literature for its potential to result in flawed public health
action [17]. This is a concern about atomistic [19] or individualistic [20] fallacy, which is the area-level
corollary of the ecological fallacy and refers to the erroneous use of data on individuals to make inferences
about groups [21].
Analysis at the geographic scale of planning addresses concern about erroneous cross-level inference [22],
and has been identified as highly relevant to “local area” walkability planning because it produces evidence
at the level where decisions are made [13]. Rydin and colleagues have also identified the need for “urban
scale” data to inform planning and policy interventions that maintain the urban advantage in health out-
comes [14]. However, studies that match walkability exposures and body mass outcomes at these planning
scales are uncommon [32, 167, 258], despite calls from planners and policy makers for evidence at this
level [15, 151, 344, 345]. What evidence is available at these planning scales comes largely from ecological
analyses in the United States, which have consistently found higher body mass and prevalence of obesity
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in sprawling versus compact counties (e.g., [149–152, 253]). Compactness at this scale is generally con-
sidered synonymous with more walkable environments. However, sprawl indexes have been criticized for
conflating multiple built environment concepts, and not providing a coherent, unitary measure of walkability
[12, 44].
Geographic variation in overweight and obesity has been reported within many countries [505], and needs
to be considered in health programming and planning. In addition to identifying areas at increased risk of
adverse health outcomes [322, 505], geographic variation in excess of that due to known factors can indi-
cate place-based influences on health that are distinct to the contextual effects arising from differences in
the demographic, social and economic composition of populations between areas [24, 25]. Spatial analysis
is particularly useful in identifying these place-based effects because it quantifies the contribution of both
observed and unobserved factors to geographic variation in outcomes while accounting for spatial autocor-
relation that can lead to biased statistical inference [25]. In this context, geographic variation encompasses
more than just differences between areas, which is well addressed in the body mass literature[e.g. 506–
515]. It is also the spatial expression or distribution of this variation [27]. Spatial analysis is concerned
with location [309]. It leverages the underlying process giving rise to the geographic variation rather than
reducing it to a naïve dummy-coded comparison of areas in the case of fixed-effects analysis, or focusing
on reductions in intraclass correlation coefficients that conflate spatial and non-spatial sources of variation
through a common random effect term as in multilevel analysis [22].
Spatial analysis has the potential to provide unique information on relations between walkability and high
body mass. For example, we have previously reported that physical activity is geographically structured in
Sydney, and that area-level walkability accounts for some of this spatial patterning [22]. The ”disease map-
ping” approach [324] used in this study also produces smoothed maps that can be used to communicate
spatially varying risks to planners, policy-makers and other interested stakeholders [22]. Identifying spatial
disparities in contextual factors that contribute to adverse health outcomes at appropriate intervention scales
has been identified as essential for informing place-based interventions aimed at improving population health
[516]. Spatial analysis is uniquely placed to assist in addressing these disparities and environmental inequal-
ities through its capacity to identify and target geographic areas where environment-related health risks are
disproportionately higher and potentially amenable to intervention [22, 29]. However, despite an increasing
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use of geographic information systems in the high body mass literature, the application of spatial analy-
sis at any scale is rare [517]. For example, only a few area-level studies have used an explicitly spatial
approach to address geographic variation in overweight and obesity [25, 141, 253, 267, 505, 515, 518–
526]; an even smaller number have considered built environment influences on this geographic variation
[25, 267, 520, 526]; and only one appears to have evaluated the contribution of walkability to this geographic
variation directly [267].
The objective of this study was to build on our previous work in the Sydney Statistical Division [22, 47] and
assess relations between area-level walkability and population-levels of overweight and obesity using an
explicitly spatial approach, and at a geographic scale representative of those used for “local area” [13] and
“urban scale” [14] planning. The specific aims of the study were to (i) assess area-level associations between
walkability and prevalence of overweight and obesity in Sydney; (ii) assess geographic variation in area-level
prevalence of overweight and obesity in Sydney; and (iii) assess the extent to which area-level walkability
accounts for geographic variation in overweight and obesity in Sydney beyond that due to individual-level
demographic, social, economic and health factors, and area-level socioeconomic disadvantage.
6.3. Materials and Methods
6.3.1. Study Design and Area
We investigated associations between area-level walkability and prevalence of overweight and obesity in
the Sydney Statistical Division of New South Wales, Australia [527], using a cross-sectional ecological study
design, which is appropriate and valid for area-level inference [21]. Sydney has a land area of 12,142
km2, and was Australia’s most populous city at the 2006 Australian Census with an estimated resident
population of 4.1 million people living in 1.6 million dwellings [476]. We used Census postal areas as our
units of analysis to coincide with the smallest spatial unit at which individual-level data were geographically
identified by the data custodian. In 2006 there were 260 conterminous postal areas across the Sydney
Statistical Division [528] with median and inter quartile range (IQR) values for land area of 7.6 (IQR = 3.7–
19.4) km2, 5,304 (IQR = 2694–8426) residential dwellings, and 13,090 (IQR = 6,529–22,092) residents
[476]. The median land area of postal areas corresponds to a radial buffer of 1550 m, which is within
the range of buffer sizes for which consistent environment-behaviour associations have been reported in
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individual-level studies of walkability [196, 197], and is likely a reasonable analogue of the “local areas” and
“urban scales” at which health and urban planning decisions occur [13, 14].
6.3.2. Participants
Individual-level data used in this study were obtained from participants of The Sax Institute 45 and Up Study
[45] approved and monitored by the University of New South Wales Human Research Ethics Committee (ref
no. HREC 05035/HREC 10186). This population-based cohort study was established to investigate healthy
ageing in the New South Wales population aged 45 years and over [45]. Study recruitment occurred between
January 2006 and December 2009 [529] for a final cohort size of 267,153 participants or approximately 10%
of the total New South Wales target population [530]. Eligible persons were randomly sampled from the the
Department of Human Services (formerly Medicare Australia) enrolment database. Selected individuals
were mailed an invitation letter, and asked to return a signed, written consent form with their baseline survey
via reply-paid mail if they consented to participating in the study [45]. We were provided access to the
April 2009 data release, which the data custodian had geocoded to 2006 Census statistical divisions and
postal areas. We limited our analysis to 115,153 respondents living in the Sydney Statistical Division to
coincide with the spatial extent of our exposure variable. Our research comprised a sub-study of the Social,
Environmental, and Economic Factors Study approved and monitored by the University of Sydney Human
Research Ethics Committee (ref no. 10-2009/12187). Details on accessing 45 and Up Study data are
available on The Sax Institute website (https://www.saxinstitute.org.au/our-work/45-up-study/).
6.3.3. Data
Individual-level data included self-reported responses to the baseline survey of 45 and Up Study collected
between January 2006 and April 2009 [45], which we used to calculate and adjust area-level outcome
variables. Postal area contextual variables comprised the Sydney Walkability Index (SWI) [44] and 2006
Index of Relative Socioeconomic Disadvantage [398], which we included as study and covariate factors,
respectively.
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6.3.4. Outcome Variable
The primary outcome measures used in our study were self-reported overweight and obesity, which we
defined using the standard body mass index (BMI) formula of weight in kilograms (kg) over height in metres
(m) squared (kg/m2) and World Health Organization (WHO) cut-points of 25.0–<30.0 kg/m2 for overweight
and ≥30.0 kg/m2 for obesity [412]. Self-reported BMI has been validated against measured BMI as a
generally appropriate method for quantifying body size in the 45 and Up Study cohort, although it is known
to underestimate prevalence of obesity when classified using standard BMI categories [414]. Overweight
and obesity status were represented as dichotomous (yes/no) variables for individual-level analyses, and as
counts of overweight and obese respondents within postcodes in area-level analyses.
6.3.5. Exposure Variable
The exposure variable used for all analyses was postal area walkability, which we measured using the Syd-
ney Walkability Index [44]. This three-factor index is derived using methods and data comparable to the
PLACE and NQLS walkability index [1, 12]. The Sydney Walkability Index is calculated within a geograph-
ical information system using three built environment variables: residential dwelling density (the number of
residential dwellings per square kilometre of residential land use); intersection density (the number of inter-
sections with three or more roads per square kilometre of total land area); and land use mix (the entropy
of residential, commercial, industrial, recreational and other land uses). The Sydney Walkability Index was
derived at the 2006 postal area level using 2007 spatial data to temporally align it with the midpoint of the of
the 45 and Up Study baseline data collection.
Environmental variable values are divided into deciles, scored from 1 (lowest) to 10 (highest), summed to
give a total score between 3–30, and then divided into quartiles corresponding to low, low-medium, medium-
high and high walkability [44]. Environmental values increase monotonically within strata and have median
values of 2.3, 13.4, 19.8 and 46 dwellings per hectare for residential density; 3.4, 46.1, 79.5 and 162.5
intersections per square kilometre for street network connectivity; and entropies of 0.005, 0.033, 0.056, and
0.134 for land use mix (see [22]). The Sydney Walkability Index has predictive validity for utilitarian walking,
is comparable to four-variable indexes in the research literature, and is associated with population-levels of
moderate and vigorous physical activity [22, 44].
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Walkability was entered as an index in our analysis for consistency with the interest expressed in the liter-
ature on using “walkability indexes” to benchmark, inform and monitor regional development plans [7, 35],
and because the non-parametric functions used in other studies [42, 237, 500] to model index components
separately would have made our already computationally-intensive spatial analyses intractable.
6.3.6. Covariates
Individual- and area-level factors from the 45 and Up Study and substantive literature likely to contribute
to, or confound, associations between walkability and body mass were included as covariates in our anal-
ysis (see [195, 423, 425, 426, 429–431, 433–437]). Individual-level covariates included self-reported sex;
five-year age group at baseline interview; language spoken at home; educational level; relationship status;
employment status; health insurance type; level of psychosocial distress measured using the Kessler Psy-
chological Distress Scale [415] (minor, moderate, high, very high [416, 419, 420]); smoking status; number
of chronic conditions ever diagnosed and treated in the previous four weeks; and functional capacity, which
was measured using the Medical Outcomes Study (MOS) 36-Item Short-Form Health Survey (SF-36) phys-
ical functioning scale [440, 531] and classified as none (0 to <60), minor (60 to <90), moderate (90 to <100),
and severe (100) [532]. Postal area socioeconomic disadvantage was measured using the Index of Relative
Socio-economic Disadvantage from the 2006 Australian Census [398]. We did not include physical activ-
ity in our analysis because it likely mediates relations between the built environment and high body mass
[80, 167, 250, 256, 258].
6.3.7. Statistical Analysis
The objective of our analysis was to assess relations between walkability and the prevalence and geographic
distribution of overweight and obesity in the Sydney Statistical Division at a scale analogous to those at which
health and urban planning decisions are made. This objective is appropriately addressed by an ecological
(spatial) analysis because the targets of inference are areas, not individuals [21]. We have previously
identified high levels of spatial autocorrelation in 45 and Up Study data that have both research and planning
utility, and the potential to bias inference if not addressed in the analysis [22]. Multilevel models can account
for spatial autocorrelation but typically conflate spatial and non-spatial variation through a common variance
component [22]. We therefore explicitly modelled the underlying spatial and non-spatial sources of variation
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in our data using a relative risk implementation of the ecological Besag, York and Mollié (BYM) conditional
auto regressive model.
The BYM is a fully Bayesian ecological spatial model fit to aggregate data, which is commonly used in epi-
demiology for “disease mapping” applications [324]. The goal of disease mapping is to recover a map dis-
playing variation in the geographic distribution of risks for spatial units within a study area that is “smoothed”
of extreme and unreliable estimates that can arise from differences between units in the sizes of their
underlying populations [324]. This is achieved in the BYM model by decomposing map variation into an un-
structured variance component that smooths risk estimates towards the global mean of the study area, and
a spatially structured (geographic) variance component that smooths risk estimates towards the local mean
of contiguous spatial units [324, 441]. These components also indicate the extent to which map variation is
due to structured (spatial) and unstructured (non-spatial) factors.
The BYM model can be extended to ecological regression problems by incorporating area-level covariates
into its specification [324], but it cannot parsimoniously control for individual-level factors that may confound
area-level effect estimates. We therefore used a two stage modelling strategy adopted by other researchers
in the epidemiological literature whereby individual-level regression models are used to estimate expected
cases for each outcome, which are then used as offset terms in area-level spatial analyses to adjust for the
varying size and composition of populations between spatial units (see [22, 47, 442–444]).
In the first step, we estimated the predicted log odds (lij ) of overweight and obesity for individuals using
conditional fixed-effects logistic regression models:
(6.1) ˆ`ij = α + xiβ
where ˆ`ij is the predicted log odds of being either overweight or obese for the i
th person in the jth postal
area, α is the model intercept, and xiβ is an optional vector of individual-level covariates. We fit two models
for each outcome: (1) an unadjusted null model with no covariates, and (2) an adjusted model including
all individual-level covariates described previously. The log odds for individuals from each model were
converted to a predicted probability using the inverse link function:
(6.2) pˆij =
e`ij
1 + e`ij
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We then summed the pˆij probabilities within the j postal areas to obtain the expected number of cases for
each outcome based on (1) the prevalence in the study area from unadjusted logistic regression estimates,
and (2) the underlying respondent structure of our sample from adjusted logistic regression estimates (see
[22, 47, 442–444]). These expected case counts were used as offsets in the spatial Poisson regressions
described in step 2, and are referred to as unadjusted and adjusted offsets, respectively.
In the second step, we used relative risk implementations of the BYM model with Poisson likelihoods to
estimate prevalence ratios for postal areas relative to the study area [329]. The BYM model is a fully
Bayesian spatial model fit to aggregate data that decomposes total variation into observed and unobserved
sources [324, 441] using:
(6.3) log(θj) = α + xjβ + sj + uj + log(ej)
where θj is the prevalence ratio for the j
th postal area; α is the prevalence ratio for the study area; xj and β
are vectors of observed area-level explanatory variables and associated regression parameters estimates;
sj and uj are unobserved spatially structured and unstructured random effects; and ej is an offset term
representing the expected number cases in the jth area. The unstructured variance (uj ) is a normal
independent and identically distributed residual, while the spatial variance (sj ) is conditionally normally
distributed on the mean prevalence of the surrounding k contiguous postal areas [324]. Model offsets (ej )
corresponded to those derived for postal areas in step one, and were either unadjusted or adjusted for
individual-level factors.
The total count of overweight and obese respondents (oj ) in each postal area served as the dependent
variable in each model. We fit six BYM spatial regressions for each outcome: (1) a null model with unad-
justed offsets; (2) a null model with adjusted offsets; (3) a covariate model with adjusted offsets and postal
area walkability; (4) a covariate model with adjusted offsets and postal area socioeconomic disadvantage;
(5) a covariate model with adjusted offsets and postal area walkability and socioeconomic disadvantage,
and (6) an effect modification model with adjusted offsets, postal area walkability and socioeconomic disad-
vantage, and their interaction. A total of 10,000 draws from the posterior distributions of two Monte Carlo
Markov Chains sampled every 250th iteration were used to obtain medians and 95% credible intervals for
each model. Chain convergence was assessed using autocorrelation plots and the Gelman-Rubin diag-
nostic [533]. We chose between alternate models using the Deviance Information Criterion (DIC) [448],
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and mapped exponentiated linear predictors and variance estimates using quintiles to visualise geographic
variation in risk of high body mass. The spatial fraction (ρ) for each model was calculated from the marginal
variances of the random effects, and used to index the proportion of residual variation due to unobserved
spatial factors (i.e., σ2s/[σ
2
s + σ
2
u]) (see [447, 471]). Models were fit in WinBUGS 1.4.3 using R 3.3.2 and
unweighted survey data, which produce unbiased, representative and generalisable relative effect estimates
for individual- and area-level analyses in this cohort [22, 472, 534].
6.4. Results
Complete data were available for 92,157 of 115,153 (80.0%) Sydney respondents residing in 254 of 260
(97.7%) study postal areas. The median number of respondents per postal area was 212, and ranged from
0 to 2532 with an inter-quartile range of 110–363. Individual-level attributes for respondents included in
analyses are shown in the Characteristics section of Table 6.1. Consistent with the larger 45 and Up Study
cohort [397], our sample had a similar gender and employment profile to the study area but was otherwise
younger, more highly educated, less likely to speak a language other than English at home, and more likely
to be living with a partner than the general Sydney population aged 45 years and over [476].
TABLE 6.1. Sample characteristics and prevalence of overweight and obesity among study participants
Variable Characteristics Prevalence
Overweight Obesity
N % n % n %
AREA-LEVEL VARIABLES
Walkability
Low 25454 27.6 10150 52.9 6251 40.8
Low-medium 31404 34.1 12380 50.0 6655 35.0
Medium-high 19449 21.1 7543 47.2 3454 29.0
High 15850 17.2 5861 44.0 2516 25.2
Socioeconomic disadvantage
Q1 - Most 17425 18.9 6697 52.1 4559 42.5
Q2 19517 21.2 7579 51.7 4847 40.6
Q3 - Middling 14984 16.3 5877 49.4 3082 33.8
Q4 19982 21.7 7938 47.8 3392 28.2
Q5 - Least 20249 22.0 7843 45.5 2996 24.1
INDIVIDUAL-LEVEL VARIABLES
Sex
Male 44690 48.5 20802 58.1 8912 37.3
Female 47467 51.5 15132 40.3 9964 30.8
Continues on next page
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TABLE 6.1. Sample characteristics and prevalence of overweight and obesity among study participants
(cont.)
Variable Characteristics Prevalence
Overweight Obesity
N % n % n %
Age
45–49 13550 14.7 4871 45.1 2761 31.8
50–54 16723 18.1 6188 47.4 3665 34.8
55–59 16717 18.1 6568 51.2 3885 38.3
60–64 13742 14.9 5696 53.7 3136 39.0
65–69 10188 11.1 4297 54.0 2227 37.8
70–74 6910 7.5 2969 53.3 1341 34.0
75–79 4999 5.4 2047 49.0 820 27.8
80–84 6614 7.2 2513 43.2 801 19.5
85+ 2714 2.9 785 31.7 240 12.4
Language spoken at home
English 78028 84.7 30768 49.9 16330 34.6
Other 14129 15.3 5166 44.6 2546 28.4
Education level
Less than secondary school 7434 8.1 2704 50.6 2086 44.1
Secondary school graduation 26741 29.0 10171 49.2 6052 36.5
Trade, certificate or diploma 28932 31.4 11814 51.8 6143 35.9
University degree 29050 31.5 11245 46.0 4595 25.8
Relationship status
Partner 68759 74.6 27826 50.7 13863 33.9
No partner 23398 25.4 8108 44.1 5013 32.8
Employment status
Full-time work 32716 35.5 13622 53.5 7246 37.9
Part-time work 13177 14.3 4418 41.0 2408 27.5
Other work 1358 1.5 426 39.6 281 30.2
Not working 44906 48.7 17468 48.6 8941 32.6
Health insurance type
Private with extras 54218 58.8 21751 50.1 10830 33.4
Private without extras 12961 14.1 5058 47.2 2255 28.5
Government health care card 11993 13.0 4351 47.8 2881 37.7
None 12985 14.1 4774 47.4 2910 35.4
Smoking status
Never smoked 54117 58.7 20518 46.6 10072 30.0
Past smoker 31639 34.3 13145 54.2 7397 40.0
Current smoker 6401 6.9 2271 45.5 1407 34.1
Psychosocial distress
Low 70218 76.2 27960 49.1 13318 31.5
Moderate 14573 15.8 5433 49.0 3475 38.0
High 5152 5.6 1828 48.4 1375 41.4
Very high 2214 2.4 713 47.3 708 47.2
Continues on next page
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TABLE 6.1. Sample characteristics and prevalence of overweight and obesity among study participants
(cont.)
Variable Characteristics Prevalence
Overweight Obesity
N % n % n %
Diagnosed chronic conditions
0 31297 34.0 11955 44.1 4218 21.8
1 36917 40.1 14726 50.2 7560 34.1
2 18186 19.7 7145 54.4 5040 45.6
3 or more 5757 6.2 2108 57.0 2058 56.4
Treated chronic conditions
0 41580 45.1 15904 45.5 6590 25.7
1 30121 32.7 12141 51.3 6448 35.9
2 14524 15.8 5721 53.5 3835 43.6
3 or more 5932 6.4 2168 55.2 2003 53.2
Limited physical functioning
None 32392 35.1 12656 44.4 3908 19.8
Minor 25125 27.3 10628 52.4 4838 33.4
Moderate 20316 22.0 7801 52.8 5555 44.4
Severe 14324 15.5 4849 49.7 4575 48.3
SENSITIVITY VARIABLES
Total physical activity
0 minutes 5478 5.9 1868 50.9 1807 50.1
1-149 minutes 15365 16.7 5895 52.1 4053 42.8
150-299 minutes 15833 17.2 6241 50.5 3468 36.2
≥300 minutes 55481 60.2 21930 47.7 9548 28.5
N Stratum total, n Stratum outcome frequency, % Stratum outcome per cent
6.4.1. Prevalence Overweight and Obesity
The within-cohort prevalence of overweight and obesity were 49.0% (48.7–49.4%) and 33.6% (33.2–34.0%),
respectively. Table 6.1 reports prevalence by area- and individual-level characteristics. Prevalence of both
overweight and obesity were highest in postal areas with low walkability, lowest in postal areas with high
walkability, and displayed a exposure-response gradient. Likewise, overweight and obesity reduced with
reducing levels of postal area socioeconomic disadvantage. For individual-level factors, overweight and
obesity were more prevalent in males, persons speaking English at home or living with a partner, less
educated individuals and full-time workers, persons without private health insurance, and past smokers;
and increased with age to 65–69 years, psychosocial distress, number of diagnosed and treated chronic
health conditions, and reduced functional capacity.
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6.4.2. Individual-Level Factors
Table 6.2 shows adjusted fixed-effects estimates for overweight and obesity used to derive adjusted offsets
for postal area spatial models. All effects were significantly associated with body mass outcomes and mostly
consistent with the prevalence patterns reported in Table 6.1. The stand-out exception was a reversal in
gradient between obesity and psychosocial distress from positive to negative after adjustment. This was due
to confounding by functional capacity, which was both an independent risk factor for obesity (see Table 6.2)
and strongly associated with psychosocial distress (χ29 = 4072.4, p < 0.0001). Other notable differences
following adjustment were relationship status, which was unrelated to either overweight or obesity; age,
which became associated with monotonically decreasing odds of obesity across the lifespan; and smoking
status, which became associated with reduced odds of obesity for current compared to non smokers.
TABLE 6.2. Adjusted odds ratios for individual-level analyses of overweight and obesity
Overweight Obese
OR 95% CI OR 95% CI
Sex p<0.0001 p<0.0001
Male 1.00 1.00
Female 0.47 0.46–0.49 0.62 0.59–0.64
Age p<0.0001 p<0.0001
45–49 1.00 1.00
50–54 1.00 0.95–1.05 0.94 0.88–1.00
55–59 1.07 1.01–1.13 0.90 0.84–0.97
60–64 1.08 1.02–1.15 0.76 0.70–0.82
65–69 1.00 0.93–1.07 0.59 0.54–0.65
70–74 0.87 0.81–0.94 0.39 0.35–0.43
75–79 0.66 0.60–0.72 0.23 0.21–0.26
80–84 0.50 0.46–0.54 0.12 0.11–0.14
85+ 0.31 0.28–0.35 0.06 0.05–0.07
Language spoken at home p<0.0001 p<0.0001
English 1.00 1.00
Other 0.81 0.78–0.84 0.72 0.68–0.77
Education level p<0.0001 p<0.0001
Less than secondary school 1.53 1.43–1.63 2.47 2.28–2.67
Secondary school graduation 1.35 1.29–1.40 1.77 1.67–1.86
Trade, certificate or diploma 1.27 1.22–1.32 1.54 1.46–1.62
University degree 1.00 1.00
Relationship status p<0.0001 p=0.1285
Partner 1.00 1.00
No partner 0.89 0.86–0.92 0.96 0.92–1.01
Continues on next page
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TABLE 6.2. Adjusted odds ratios for individual-level analyses of overweight and obesity (cont.)
Overweight Obese
OR 95% CI OR 95% CI
Employment status p<0.0001 p<0.0001
Full-time work 1.00 1.00
Part-time work 0.75 0.71–0.79 0.61 0.57–0.65
Other work 0.72 0.64–0.82 0.61 0.52–0.71
Not working 0.78 0.75–0.82 0.66 0.62–0.70
Health insurance type p<0.0001 p<0.0001
Private with extras 1.00 1.00
Private without extras 0.90 0.86–0.94 0.83 0.78–0.88
Government health care card 0.94 0.89–0.99 1.02 0.96–1.09
None 0.91 0.87–0.95 0.99 0.93–1.05
Smoking status p<0.0001 p<0.0001
Never smoked 1.00 1.00
Past smoker 1.17 1.13–1.21 1.28 1.23–1.34
Current smoker 0.78 0.74–0.84 0.73 0.68–0.79
Psychosocial distress p<0.0001 p<0.0001
Low 1.00 1.00
Moderate 0.94 0.90–0.98 0.91 0.86–0.96
High 0.88 0.82–0.95 0.82 0.76–0.89
Very high 0.83 0.74–0.92 0.88 0.78–1.00
Diagnosed chronic conditions p<0.0001 p<0.0001
0 1.00 1.00
1 1.19 1.15–1.24 1.58 1.51–1.66
2 1.35 1.29–1.42 2.13 2.01–2.27
3 or more 1.48 1.37–1.60 2.69 2.46–2.93
Treated chronic conditions p<0.0001 p<0.0001
0 1.00 1.00
1 1.22 1.18–1.27 1.47 1.40–1.54
2 1.38 1.31–1.45 1.89 1.77–2.01
3 or more 1.57 1.45–1.69 2.48 2.27–2.71
Limited physical functioning p<0.0001 p<0.0001
None 1.00 1.00
Minor 1.36 1.30–1.41 2.10 1.99–2.21
Moderate 1.58 1.51–1.65 3.77 3.56–4.00
Severe 1.61 1.52–1.70 5.31 4.96–5.68
OR Odds ratio, CI Confidence interval
6.4.3. Spatial Analysis
Tables 6.3 and 6.4 report parameter estimates and diagnostics for spatial regressions fit to overweight and
obesity data. Smoothed prevalance ratios for postal areas from unadjusted null models ranged from 0.83–
1.16 for overweight and 0.46–1.68 for obesity. Variation in risks between postal areas was principally due
to unobserved spatial factors, with >96% of residual variation attributed to the spatial variance component
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for both overweigtht and obesity (see spatial fractions for Model 1 in Tables 6.3 and 6.4). Adjusting for
individual-level factors (Model 2) attenuated the ranges of smoothed prevalence ratios to 0.88–1.08 for over-
weight and 0.63–1.23 for obesity, but had little effect on the proportions of residual variation from spatial
sources, which remained high at >93% for both outcomes. Univariable parameter estimates for area-level
associations including walkability and socioeconomic disadvantage are shown in the Model 3 and 4 columns
of Tables 6.3 and 6.4. Risk ratios for walkability indicated consistent exposure gradients for both outcomes,
with prevalence of overweight reduced by 4% and 9% and obesity by 8% and 11% in medium-high and
high versus low walkability postal areas. Likewise, high body mass reduced monotonically with decreasing
socioeconomic disadvantage. Overweight was 6% lower in the least versus most disadvantaged postal ar-
eas, and obesity was 11% and 9% lower in the least and second-to-least versus most disadvantaged postal
areas. Fully-adjusted spatial regressions including individual- and area-level factors (Model 5) had the low-
est DIC values and were the best fitting models for both outcomes (see DIC row in Tables 6.3 and 6.4).
Prevalence ratios for socioeconomic disadvantage in these models were largely unaffected; however, gradi-
ents for area-level walkability strengthened with overweight 6% and 10% lower and obesity 11% and 15%
lower in medium-high and high versus low walkability postcodes. These fully-adjusted spatial models also
had the smallest amounts of residual spatial variation, with 67% of unexplained model variation attributed to
unobserved spatial factors for overweight and 90% for obesity. Interaction analyses (Models 6) provided no
evidence that the observed associations between walkability and overweight (DICM6−DICM5 =18.21)
or obesity (DICM6 −DICM5 =12.12) were modified by postal area socioeconomic disadvantage.
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TABLE 6.3. Spatial regression summaries for postal area analyses of associations between overweight,
walkability and relative socioeconomic disadvantage
Model 1 Model 2 Model 3 Model 4 Model 5
Individual-level adjustment No Yes Yes Yes Yes
Prevalence ratios (95% CrI)
Constant 0.99 (0.98–1.00) 1.00 (0.98–1.01) 1.03 (1.00–1.06) 1.01 (0.99–1.04) 1.07 (1.02–1.11)
Walkability
Low – – 1.00 – 1.00
Low-medium – – 0.98 (0.95–1.01) – 0.98 (0.95–1.01)
Medium-high – – 0.96 (0.92–1.00) – 0.94 (0.91–0.98)
High – – 0.91 (0.87–0.97) – 0.90 (0.86–0.94)
Socioeconomic disadvantage
Q1 - Most – – – 1.00 1.00
Q2 – – – 1.01 (0.97–1.05) 1.01 (0.97–1.04)
Q3 - Middling – – – 0.99 (0.95–1.03) 0.99 (0.95–1.03)
Q4 – – – 0.97 (0.93–1.01) 0.97 (0.93–1.00)
Q5 - Least – – – 0.94 (0.90–0.99) 0.93 (0.89–0.97)
Model diagnostics
pD 55.73 37.48 33.64 35.05 27.01
DIC 1832.77 1787.67 1787.12 1787.85 1782.70
Spatial fraction 0.965 0.932 0.882 0.900 0.673
CrI credible interval, pD effective parameters, DIC Deviance Information Criterion
Model 1 null model with expected cases proportional to the overall prevalence
Model 2 null model with expected cases adjusted for individual-level factors
Model 3 Model 2 + Sydney Walkability Index
Model 4 Model 2 + Index of Relative Socioeconomic Disadvantage
Model 5 Model 3 + Index of Relative Socioeconomic Disadvantage
6.4.4. Prevalence Maps
Figures 6.1 and 6.2 graphically display smoothed prevalence ratios for overweight and obesity obtained from
spatial models 1 (unadjusted null model), 2 (adjusted null model) and 5 (adjusted model with walkability and
socioeconomic disadvantage). Total excess prevalence is shown in Maps A, D and G, and decomposed
into excess risk due to spatial factors in maps B, E and H, and unstructured factors in maps C, F and I.
Two features stand-out in each set of maps. First, residual prevalence is principally due to unobserved
place-based factors, with higher ratios in spatial (B, E and H) versus unstructured (C, F and I) maps; and
second, this geographic variation in risk reduces as individual- (Model 2) and area-level (Model 5) factors are
added to spatial models. In unadjusted (Model 1) and adjusted (Model 2) null models, higher-than-expected
prevalence was concentrated in western Sydney, and lower-than-expected prevalence in central and eastern
Sydney. Including area-level walkability and relative socioeconomic disadvantage (Model 5) substantially
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TABLE 6.4. Spatial regression summaries for postal area analyses of associations between obesity, walka-
bility and relative socioeconomic disadvantage
Model 1 Model 2 Model 3 Model 4 Model 5
Individual-level adjustment No Yes Yes Yes Yes
Prevalence ratios (95% CrI)
Constant 0.95 (0.93–0.97) 0.96 (0.95–0.98) 1.02 (0.97–1.08) 1.01 (0.96–1.05) 1.10 (1.02–1.17)
Walkability
Low – – 1.00 – 1.00
Low-medium – – 0.97 (0.91–1.02) – 0.96 (0.91–1.01)
Medium-high – – 0.92 (0.85–0.99) – 0.89 (0.83–0.96)
High – – 0.89 (0.80–0.99) – 0.85 (0.78–0.94)
Socioeconomic disadvantage
Q1 - Most – – – 1.00 1.00
Q2 – – – 1.03 (0.98–1.09) 1.02 (0.97–1.08)
Q3 - Middling – – – 0.97 (0.92–1.03) 0.97 (0.91–1.03)
Q4 – – – 0.91 (0.85–0.97) 0.90 (0.85–0.96)
Q5 - Least – – – 0.88 (0.82–0.95) 0.85 (0.79–0.92)
Model diagnostics
pD 128.60 72.36 70.99 63.02 56.79
DIC 1794.88 1711.26 1712.90 1705.26 1703.00
Spatial fraction 0.992 0.985 0.981 0.978 0.961
CrI credible interval, pD effective parameters, DIC Deviance Information Criterion
Model 1 null model with expected cases proportional to the overall prevalence
Model 2 null model with expected cases adjusted for individual-level factors
Model 3 Model 2 + Sydney Walkability Index
Model 4 Model 2 + Index of Relative Socioeconomic Disadvantage
Model 5 Model 3 + Index of Relative Socioeconomic Disadvantage
attenuated excess prevalence by reducing excess risk attributable to unobserved spatial factors (see maps
G and H of Figures 6.1 and 6.2).Final excess prevalence estimates were reduced in western Sydney and the
peri-urban fringe for both overweight and obesity; and remained higher-than-expected for obesity through
south-central Sydney, and lower-than-expected for both outcomes on the eastern seaboard north of the
Sydney central business district.
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FIGURE 6.1. Total, Spatial and Unstructured prevalence ratios for overweight body mass in Sydney in Syd-
ney postal areas
Total prevalence ratios are derived by exponentiating the sum of spatial (s) and unstructured (u) random effects; Spatial and Unstructured prevalence ratios are
obtained by exponentiating individual s and u components, respectively. Total, Spatial, and Unstructured prevalence ratio estimates are reported in maps A–C for
Model 1, maps D–F for Model 2, and maps G–I for Model 5.
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FIGURE 6.2. Total, Spatial and Unstructured prevalence ratios for obese body mass in Sydney postal areas
Total prevalence ratios are derived by exponentiating the sum of spatial (s) and unstructured (u) random effects; Spatial and Unstructured prevalence ratios are
obtained by exponentiating individual s and u components, respectively. Total, Spatial, and Unstructured prevalence ratio estimates are reported in maps A–C for
Model 1, maps D–F for Model 2, and maps G–I for Model 5.
6.5. Discussion
This is one of only a small number of studies to examine geographic variation in high body mass and
its association with environmental walkability using a large population-derived cohort and spatial analytic
framework. We find strong support for associations between postal area walkability and area-levels of over-
weight and obesity among persons aged 45 years and over living in Sydney, Australia. Prevalence in postal
areas with medium-high and high walkability is reduced by 6% and 10% for overweight and 11% and 15%
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for obesity compared to postal areas with low walkability, and are independent of individual-level social,
economic and health status factors, and area-level socioeconomic disadvantage. We also find that both
overweight and obesity are geographically clustered at the postal area level with lowest prevalence in and to
the north of the central business district, and highest prevalence in western Sydney. Postal area walkability
explains approximately 20% and 9% of this geographic variation in overweight and obesity, respectively,
which is not attributable to individual-level factors and area-level socioeconomic disadvantage. Our findings
confirm associations between high body mass and walkability at spatial scales typical of those used for
public health planning; highlight the potential for spatial analysis to better integrate “place” into walkability
research; and provide novel methods and data for New South Wales Government initiatives aimed at cre-
ating built environments that support active transportation and promote healthy lifestyles, and monitoring
these initiatives.
Despite some limitations, the existing built environment evidence base appears sufficiently developed to
inform interventions aimed at addressing high body mass at individual and population levels [343]. A recent
review concluded that the strongest evidence is for meso- and macro-level correlates, and identifies urban
sprawl, land use mix, street connectivity, population density, and proximity to services and destinations as
the important environmental characteristics at these levels [167]. Walkability indexes combine many of these
key environmental variables into summary metrics that can be easily implemented at multiple spatial scales
for planning purposes [1, 7, 35, 44]. Our study is novel because it directly addresses exposure-outcome
relations at a geographic scale more proximal to those typically used by government agencies for population-
level health and urban planning [13–15]. We observed that higher levels of postal area walkability measured
by our index were associated with lower prevalence of overweight and obesity in postal area populations
aged ≥45 years, even after adjusting for other individual- and area-level characteristics related to body mass.
These findings coincide with the small but consistent body of area-level findings that increased body mass
and prevalence of obesity are associated with greater urban sprawl (see review by [167]), and extend recent
individual-level associations between walkability and body mass [535–539] to populations and the spatial
scales at which health and urban planning decisions are made. Our study also provides new evidence on the
potential of tools like the Sydney Walkability Index [44] to benchmark, inform and monitor health and urban
planning activities aimed at reducing population-levels of overweight and obesity. This will have relevance in
the Australian context where open-access tools have been developed that allow researchers and planners
to calculate NQLS-PLACE index values at mutiple spatial scales (see [7, 178]).
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Action to address overweight and obesity should target populations of greatest need [322, 505]. However, it
is unlikely that at-risk groups will be uniformly distributed across an area such as the Sydney Statistical Di-
vision [525]. Spatial analysis is especially useful in this regard with its ability to identify geographic locations
with higher (or lower) than expected rates of overweight and obesity, and whether this variation is explained
by, or in addition to, factors known to influence the distribution of health, such as demographic and socioe-
conomic characteristics [24]. We observed very strong clustering of overweight and obesity through central
Sydney that was due to unobserved and spatially structured factors, and which contributed the majority of
excess risk. Including individual-level demographic, social, economic and health status factors in our anal-
ysis attenuated excess prevalence of high body mass and reduced spatial variance but had little effect on
outcome clustering across the study region. This is consistent with Canadian findings that individual-level
variables were important correlates of within-region variation but explained little between-area geographic
variation [523]. In contrast, adding postal-area walkability and socioeconomic disadvantage to our models
reduced area-level clustering of overweight and, to a lesser extent, obesity. However, our final maps re-
mained weakly clustered. This residual variation could suggest the presence of other unobserved spatial
factors structuring the residual prevalence of high body mass in our study area. Identifying these additional
factors was beyond the aims of our study but may include greenspace, access to shops and services, aes-
thetics, the food environment, and proximity to public transport [25, 249, 250, 343]. It is also possible that
some of this residual variation is due to residual confounding of associations between walkability and high
body mass by sociodemographic factors. For example, Frank and colleagues have reported that features of
walkable neighbourhoods are associated with lower overweight in males but greater overweight in females
without a degree, and with lower obesity in men with a degree but higher obesity in unemployed non-white
men without a degree and white women without a degree [540]. Likewise, there is some evidence that higher
body mass is negatively associated with features of walkable neighbourhoods in high socioeconomic com-
munities, and positively associated in low socioeconomic minority communities [541]. Future spatial studies
employing our approach should consider alternate adjustment techniques to account for this possibility; for
example, by calculating offsets using a logistic machine learning classifier.
Our findings are consistent with a growing evidence base indicating geographic variation at multiple spatial
scales in the distribution of overweight and obesity that have relevance for health, urban and transport
planning [25, 141, 253, 267, 505, 518–526], although only a few studies have investigated built environment
correlates of this variation within a geospatial context [25, 267, 520]. While Shuurman and colleagues were
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unable to assess whether population density—included in most walkability indexes—patterned obesity in
Metro Vancouver because obesity itself did not cluster in their study area [520], Congdon has reported that
not only are obesity rates 13–20% higher in sprawling versus compact US counties—an effect size similar
to that obtained for physical inactivity, but that adding environmental measures to spatial models of county-
level obesity prevalence reduced unexplained spatial variation by 22%. Lathey et al. have also examined
associations between obesity rates and sprawl factors, including walkability, for census blocks in Maricopa
County, Arizona [267]. They defined walkability as accessibility to places of social interaction, and found it
was the strongest model predictor of being in a ”high disease” obesity cluster with odds halved for the most
versus least walkable census blocks [267]. Cluster membership was also associated with residential and
commercial land use, and street connectivity, although effect sizes were very small [267]. Unfortunately,
the focus on correlates of cluster membership reduces the analysis to a consideration of between-group
differences, which is not especially informative geographically. Our study adds to the evidence base by its
explicit focus on walkability and its contribution to geographical variation in high body mass at the spatial
scales where health and urban planning decisions are made. We found effect sizes for walkability that were
meaningful at population-scales [464], and sizable reductions in unexplained spatial variation comparable
to other area-level spatial analyses [25].
Despite substantial reductions in unexplained variation due to spatially structured factors of 93.6% for over-
weight and 89.1% for obese, we observed little impact on spatial fractions except for overweight model 5,
which reduced from ≥88.2% (models 1–4) to 67.3%. This is not surprising given the unstructured variance
reduced by just 12.9% for overweight and 46.1% for obesity over the range of models fitted; with most of
this decrease occurring between models 1 and 2 when we first adjusted for individual-level factors. Lunn
et al. have noted that either the spatial (s) or unstructured (u) variance component will typically dominate
the other in practical implementations of the Besag, York and Mollié model but will only be apparent once
the posterior distributions of the components are examined [445]. A key strength of the Besag, York and
Mollié model is its robustness to spatial and non spatial variation, and will produce unbiased parameter and
variance estimates in the absence of either [331]. The large residual spatial fractions from our analyses
also suggests the likely existence of additional geographically distributed factors related to overweight and
obesity within in the Sydney Statistical Division.
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The geographic variation observed in our data and reported in the substantive literature highlight the impor-
tance of appropriately controlling for spatial autocorrelation at analysis [22, 24, 47]. Spatial autocorrelation is
problematic for standard regression methods that assume model residuals are independently and identically
distributed (IID), and its violation may result in biased inference [485]. Clustering is most typically handled
by multilevel models that conflate unexplained spatial and non-spatial variation into a single random effect
error term [22]. This approach addresses the issue of spatial autocorrelation; however, the potential value
of the spatial variation for informing health planning is lost in the process. We have consistently identified
variation in health risk-factors and outcomes in the Sydney region using 45 and Up Study data that indicate
geographic areas with excess risk attributable to unobserved and spatially structured factors [22, 47]. For
example, we have reported variation in physical activity [22] and psychosocial distress [47] that indicates
excess risk due to unobserved and spatially structured factors in addition to that attributable to observed
individual-level factors, and postal area walkability and relative socioeconomic disadvantage. Pattenden
and colleagues contend that outcome variation in excess of socioeconomic factors may indicate opportuni-
ties to address disparities in health status [24], while Fitzpatrick et al highlight its potential role in suggesting
causal pathways [542]. We believe our approach is helpful because it not only locates inequalities in the
geographic distribution of risk but also quantifies that attributable to known factors that may, or may not, be
amenable to intervention, and to unknown factors requiring further investigation.
We observed statistically significant associations between most individual-level covariates and body mass
outcomes in all fixed-effects models used to derive offset terms in spatial models. Consistent with our
previous work on physical activity [22] and psychosocial distress [47] in this cohort, we observed strong
positive associations between prevalence of high body mass and numbers of chronic care conditions ever
diagnosed and recently treated, and even stronger associations with reduced functional capacity. These
findings agree with previous reports on this cohort [425, 532] and in the broader literature [543–545]. High
body mass is considered a “gateway” into non-communicable diseases [546], and possibly multi-morbidity
[547–550] and reduced physical functioning [543, 551, 552], although reverse causality is plausible with
multi-morbidity and reduced physical functioning leading to lower levels of physical activity and poorer dietary
choices [553]. We also observed an inverse association between high body mass and lower levels of
psychosocial distress after adjusting for functional capacity. This is consistent with previous findings of
increased risk of psychosocial distress with greater functional limitations in this cohort [47, 554, 555], and
a strong contemporaneous effect of physical disability on depressive symptoms [556]. Depression and
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anxiety disorders are also known causes of weight loss in community-dwelling older adults [557], and may
be influential on our findings as the Kessler Psychological Distress Scale [415] is specific for current anxiety
and affective disorders in Australian community populations at the cut-points used in our study [417].
A major strength of our study is the large sample size drawn from the 45 and Up Study [45]. This high-
quality, population-based cohort comprises approximately 10% of the Sydney Statistical Division aged 45
and over. While we make no claims to the external validity of our point-estimates beyond our sample, it is well
established in the epidemiological literature that relative measures of effect are generalisable irrespective
of representativeness and non response [489, 492]. Methodological investigations of the 45 and Up Study
cohort support this likelihood. Mealing et al. [472] have reported that odds ratios derived from the full
cohort correspond to those from the population-representative New South Wales Adult Population Health
Survey [418], while we have reported high correlations between postal area relative risks and disease maps
estimated from unweighted and post-stratification weighted data [22, 534]. These observations support the
generalisability of our risk estimators and their geographical distribution to postal area populations within the
Sydney Statistical Division area. We also used the Sydney Walkability Index as our exposure metric, which
is derived using high-quality government agency spatial data [44]. The strengths of this index include its
demonstrated predictive validity for moderate-intensity walking at multiple spatial scales, a cohesive latent
variable structure, and comparability to other indexes (e.g. NQLS [12] and PLACE [1]) frequently used in
walkability research [22, 44]. The spatial data used in its construction are routinely updated to support NSW
Government business, and are accessible via the NSW Open Data Policy [558]. This allows the Sydney
Walkability Index to be re-calculated annually to monitor changes in the spatial distribution of walkability
across the Sydney Statistical Division. There is also an ongoing effort to develop a national walkability index
using similar methods to our index that would benchmark and monitor changes in walkability across Australia
[7]. Finally, our study employed an explicitly spatial approach that controlled for individual-level factors to
investigate geographic variation in high body mass and its association with environmental walkability at the
postal area level. The substantial levels of clustering in our data indicate the importance of accounting for
spatial autocorrelation in analyses where it is expected or observed, and highlights the potentially informative
nature of this variation for health and urban planning that is ignored when spatial and non-spatial sources of
variation are conflated [22].
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Our study reported on associations between postal area walkability and high body mass outcomes, which
are not necessarily causal. An important limitation of our study is that we were unable to control for potential
bias due to participant self-selection into postal areas, which raises the potential for reverse causation. Self-
selection bias occurs when individuals choose to live in neighbourhoods that support their physical activity
and travel behaviour preferences [167, 250]. Systematic reviews indicate that neighbourhood self-selection
may account for up to 50% of the built environment’s effect on physical activity [167]. Its contribution to built
environment associations with high body mass is less clear. Some studies have reported that self-selection
fully accounts for these associations [559, 560], while others have reported more modest attenuation effects
[561–563]. There is also some evidence that it may selectively attenuate associations for continuous but
not categorical body mass outcomes [564, 565]. The 45 and Up Study does not collect information on
respondents’ preferences for the neighbourhoods in which they reside, and so we are unable to discount
this as contributing to some portion of the estimated effect of walkability in our study.
We used self-reported BMI to classify overweight and obesity, which is generally appropriate for quantifying
body size in the 45 and Up Study cohort but known to underestimate prevalence of obesity using standard
BMI classifications by 6% [414]. In the context of our study, this means both overweight and obesity are
likely to have been systematically misclassified. Monte Carlo simulation studies have found that systematic
misclassification of binary dependent variables on the order of 2–5% can bias relative effects estimates
by 12–25% in either direction [566, 567]. This has the potential to weaken the magnitude of our observed
associations for both overweight and obesity, but would still result in meaningful effect sizes at the population-
level [250, 464]. Another limitation of our analysis is that it was conducted at a single geographic scale, and
so our findings may differ if conducted at a finer or coarser scale. This is the modifiable areal unit problem
[208, 209], which is germane to all analyses using areal units or zones [209]. We were only provided
with access to postal area identifiers by the data custodian, and so were unable to assess the sensitivity
of our results to different spatial scales. We have previously examined associations between walkability
and health-enhancing physical activity at different spatial scales and found similar relations [22, 44], which
provides some reassurance on the robustness of our findings to spatial scale. However, the influence of
scale on matched exposure-response relations in the walkability literature remains opens and warrants
further investigation.
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The Sydney Walkability Index [44] is comparable to other indexes used in the substantive literature [1] and
so is subject to the same limitation that walkability quartiles may be data-dependent as they are derived
using population-specific cut-points [496, 498]. We therefore encourage planners, policy makers and re-
searchers to review the quartile cut-points used in constructing the Sydney Walkability Index to evaluate
their appropriateness and the applicability of our findings to their geographic context. Furthermore, mod-
elling walkability as an index means we are unable to identify which built environment components in the
index contribute to the observed associations with prevalence and geographic distribution of overweight and
obesity, which would be useful for framing policy interventions. This was partly a choice for consistency
with the expressed interest in the literature about the potential for “walkability indexes” to benchmark, in-
form and monitor development plans, but also because the added complexity would have made our models
intractable. Our analysis used a two stage approach in which individual-level conditional probabilities of
overweight and obesity were modelled first and then used as offset terms to adjust spatial models. While
this approach is not uncommon in the epidemiological literature (see [22, 47, 442–444]), ideally we would
have modelled individual and area-level effects simultaneously in a single, parsimonious model. However,
despite the relative ease with which Besag, York and Mollié models can be fit in available software [324, 332],
they remain computationally prohibitive to implement outside of high performance computing environments
when extended to multi-level problems comprising samples of the size used in our study [388]. Our units of
analysis comprised Australian postal areas, which correspond in spatial extent to the upper limit of buffers
sizes used in individual-level research linking walkability to high body mass but may not be representative
of all spatial extents at which health and urban planning decisions occur. Finally, our study precludes causal
inference due to its cross-sectional design.
6.6. Conclusions
Walkability indexes have been identified as potentially useful tools for planning and monitoring the built
environment to improve health [35]. Our results provide support for their potential application to body mass
outcomes by demonstrating that: (1) rates of overweight and obesity are negatively associated walkability at
the postcode level for Sydney residents aged ≥45 years; and (2) that area-level walkability makes a small but
meaningful contribution to the geographic clustering of high body mass in the Sydney metropolitan region.
Our results also suggest the presence of other unobserved and spatially structured factors contributing to
this clustering. The Greater Sydney Region Plan aims to create healthy, resilient and socially connected
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communities over the next 40 years by creating fine scaled urban form, mixed land use and amenity within
walkable urban centres [100]. The methods and outcomes described here may assist in the geographical
targeting of strategies and monitoring their progress towards achieving its liveability objectives.
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CHAPTER 7
Walkability and Spatial Variation in Psychosocial Distress
Preamble
Chapter 4 of this thesis demonstrated the validity of the three-attribute Sydney Walkability Index (SWI) and
its comparability to four-attribute walkability indexes. Chapter 5 then used the SWI to identify how walkabil-
ity was associated with, and geographically patterned, prevalence of health-enhancing moderate-intensity
walking and total moderate and vigorous physical activity (MVPA) within Sydney postal area populations
aged ≥45 years. Chapter 6 extended these results to high body mass outcomes finding both an inverse
relationship between higher SWI quartiles and reduced prevalence of overweight and obesity, and small but
meaningful reductions in residual spatial variation after adding SWI to spatial models.
This chapter considers the potential contribution of walkability to the geographical patterning of psychoso-
cial distress in Sydney postal area populations aged ≥45 years. Mental health is a public health priority in
many countries, and there is a small but growing literature linking walkability and mental health outcomes,
although little research has addressed this at the administrative scales where planning decisions are made.
Walkability has been suggested as a possible focus for community-level mental health planning [34] and
is incorporated into regional strategies such as the NSW Healthy Eating and Active Strategy, which em-
phasises providing supportive environments for people with a mental illness that “facilitate and encourage
walking” [102, p. 30].
This final analysis employs the same innovative geospatial methods of chapters 5 and 6, and data on Sydney
respondents from the 45 and Up Study [45]. It addresses thesis aims 2 and 3, and research question 4: is
psychosocial distress clustered in Sydney, and to what extent is this associated with area-levels of walkability
measured using the Sydney Walkability Index?
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Does walkability contribute to geographic variation in psychosocial distress?
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7.1. Abstract
Walkability describes the capacity of the built environment to promote walking, and has been proposed as
a potential focus for community-level mental health planning. We evaluated this possibility by examining the
contribution of area-level walkability to variation in psychosocial distress in a population cohort at spatial
scales comparable to those used for regional planning in Sydney, Australia. Data on psychosocial distress
were analysed for 91,142 respondents to the 45 and Up Study baseline survey between January 2006 and
April 2009. We fit conditional auto regression models at the postal area level to obtain smoothed “disease
maps” for psychosocial distress, and assess its association with area-level walkability after adjusting for
individual- and area-level factors. Prevalence of psychosocial distress was 7.8%; similar for low (7.9%), low-
medium (7.9%), medium-high (8.0%), and high (7.4%) walkability areas; and decreased with reducing postal
area socioeconomic disadvantage: 12.2% (most), 9.3%, 7.5%, 5.9%, and 4.7% (least). Unadjusted disease
maps indicated strong geographic clustering of psychosocial distress with 99.0% of excess prevalence due
to unobserved and spatially structured factors, which was reduced to 55.3% in fully adjusted maps. Spatial
and unstructured variance decreased by 97.3% and 39.8% after adjusting for individual-level factors, and
another 2.3% and 4.2% with the inclusions of area-level factors. Excess prevalence of psychosocial distress
in postal areas was attenuated in adjusted models but remained spatially structured. Postal area prevalence
of high psychosocial distress is geographically clustered in Sydney, but is unrelated to postal area walka-
bility. Area-level socioeconomic disadvantage makes a small contribution to this spatial structure; however,
community-level mental health planning will likely deliver greatest benefits by focusing on individual-level
contributors to disease burden and inequality associated with psychosocial distress.
7.2. Introduction
Mental illness is a leading cause of disability worldwide [568] accounting for 19% of total years lived with
disability (YLD) and 7% of disability-adjusted life years (DALY) [569, 570] of which 53% is due to depressive
and anxiety disorders [571]. Just under one-half (45.5%) of the Australian adult population report having
ever experienced a mental disorder in their lifetime and one-fifth (20%) in the previous 12 months [572]. In
2012, the World Health Organization challenged its member states to reduce their disability burdens due
to mental illness through coordinated action between health and social sectors [573]. This was followed in
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2013 by a comprehensive action plan that emphasised addressing the many determinants of mental illness,
including environmental factors that contribute to individual and population-level vulnerabilities [574].
Walkability describes the capacity of the built environment to facilitate walking for various purposes, including
transportation, health and leisure [1]. A small but growing literature has emerged over the last decade exam-
ining associations between walkability and mental health [136, 284, 287, 288], leading some commentators
to recommend walkability as a potential focus for community-level mental health planning and programming
[34]. The current evidence base is insufficiently developed to identify a pathway by which walkability may
influence mental health; however, two possibilities have been suggested. The first hypothesises that walk-
able environments help to promote positive affect by increasing participation in moderate-intensity physical
activity, such as walking [284]. This is consistent with review findings that participation in regular physical
activity protects against the onset of depression and anxiety in healthy populations, and reduces the severity
of symptoms in clinical populations [69, 575, 576]; possibly by modulating melatonin production, adenosine
metabolism, and circadian rhythms, or activating brain centres that help reduce negative affect [69]. The
second hypothesises that walkable environments may enhance the social capital of neighbourhoods by pro-
viding unstructured opportunities for social interactions between individuals [286] that promote trust, and
enhance feelings of familiarity, certainty, resilience, and reciprocity [275, 284, 286, 577]. Social capital is
understood to buffer individuals against depression and anxiety by reducing daily pressures and promot-
ing health-enhancing behaviours [578]. However, despite their plausibility, neither hypothesis is currently
supported by evidence from an appropriate causal evaluation.
Walkability is typically derived as an objective index within a geographical information system [2] using spa-
tial data on residential dwelling density, street network connectivity, land use mix, and—when available—
retail destinations, density or floor space [1, 12, 44]. Indexes originating out of the North American Neigh-
borhood Quality of Life Study (NQLS) [12] and Australian Physical Activity in Localities and Community
Environments (PLACE) Study [1] projects have contributed to an extensive evidence base within the trans-
portation, planning, and public health literatures linking the walkability of built environments to improvements
in health behaviours and outcomes [80, 229, 258, 579–581]. Much of this evidence comes from individual-
level studies of participants and the micro (personal) and meso (neighbourhood) environments in which
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they live [2, 22]. However, there is increasing interest in meso (area) environment walkability, its contribu-
tions to the distribution of health within populations, and how it may be used to inform population health
programming at larger regional scales [1, 15, 17, 22, 44].
Psychosocial or psychological distress describes anxious or depressed mood in the absence of a specific
psychiatric diagnosis [281] and is commonly used to monitor mental health status in populations using rep-
resentative surveys [582], such as the United States (US) Behavioral Risk Factor Surveillance System [283]
and Australian Health Survey [282]. Environmental influences on mental health have received considerable
attention in the research literature (see [275] for reviews); however, only a small number of studies have
directly addressed relations between walkability and mental health outcomes [275], and none at the spatial
scales typically used for population health planning and intervention. Between-group analyses of outcomes
such as psychosocial distress can identify population sub-groups at increased risk of adverse mental health
outcomes but provide limited information on the geography of these risks. In contrast, spatial analyses may
be used to identify areas at increased risk of adverse outcomes or spatially structured influences on health
by focusing on geographic variation in excess of that due to known demographic, social, economic, and
health factors [22, 24, 583].
Spatial analyses of health outcomes and behaviours are increasingly common in the epidemiological liter-
ature as statistical methods and geographically-referenced administrative, surveillance and research data
become more accessible [584]. Spatial analyses are especially informative for population health program-
ming [22], which typically occurs at larger, regional spatial scales [15]. For example, Chaix et al. identified
differing spatial distributions and cluster resolutions of psychoactive substance use and neurotic disorders
in Malmö, Sweden, which were associated with adverse social environments [346]. In addition to identify-
ing potential contextual factors for public health action, the analysis also established appropriate levels for
intervention by characterising the spatial scales at which variations in mental health outcomes occur [346].
Likewise, Cheung et al. [384] and Ngamini Ngui et al. [585] have reported spatial heterogeneity in suicide
across Australia and Québec, Canada, and conclude that understanding this variation is essential to fram-
ing national and regional mental health policy. Spatial analysis has also been instrumental in describing
geographic variation in psychological susceptibility and its association with resilience factors after Hurricane
Sandy in New York City [586].
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The objective of this study was to assess the contribution of walkability to geographic variation in men-
tal health outcomes at spatial scales typically used for population-level health programming, planning, and
intervention. It builds on our previous work demonstrating the contribution of area-level walkability to geo-
graphic variation in population-levels of total walking and moderate and vigorous-intensity physical activity
[22]. Our aims were to: (1) evaluate if area-level walkability was associated with area-level psychosocial
distress; (2) describe geographic variation in area-level psychosocial distress; (3) assess the contribution of
individual-level factors to geographic variation in area-level psychosocial distress; and (4) quantify the con-
tribution of area-level walkability to geographic variation in area-level psychosocial distress not attributable
to person-level characteristics using a population-based cohort living in Sydney, Australia. We hypothesised
that (1) areal-level psychosocial distress would be spatially structured, and that (2) at least some of this
structure would be attributable to area-level walkability.
7.3. Materials and Methods
7.3.1. Study Design and Area
We used a cross-sectional, ecological design to investigate geographic variation in psychosocial distress and
its relationship to walkability in the Sydney Statistical Division of New South Wales, Australia [527]. Sydney
covers a land area of 12,142 km2 and had a population of 4.1 million persons living in 1.6 million dwellings
at the 2006 Australian Census [476]. Analysis was undertaken at the Australian Census of Population and
Housing postal area level to coincide with the finest spatial resolution at which the data custodian provided
geographical identifiers for 45 and Up Study cohort members. There were were 260 postal areas in Sydney
in 2006 [528] with a median land area of 7.6 km2, 5304 residential dwellings and 13,090 residents [476].
This land area is equivalent to a radial buffer of 1550 metres, and corresponds with the upper level of high-
resolution buffers used in individual-level studies for which consistent environment-behaviour associations
have been reported [196, 197].
7.3.2. Participants
Participants for this study were drawn from The Sax Institute’s 45 and Up Study [45]. The 45 and Up Study is
a population-based cohort established to investigate health ageing among persons aged 45 years and over
in New South Wales, Australia [45]. Recruitment into the study began in January 2006 and was finalised in
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December 2009 [530] with a total cohort size of 267,153 or 10% of the New South Wales population aged
45 and over [397]. Potential participants were randomly sampled from the Department of Human Services
(formerly Medicare Australia) enrolment database, and included an oversample of persons aged 80 years
and over. People living in rural areas were also oversampled, and all residents from remote areas were
invited to participate [45]; however, neither of these population subgroups are represented in the Sydney
Statistical Division. Selected individuals were mailed an invitation letter, and asked to return a signed, written
consent form with their baseline survey via reply-paid mail if they consented to participating in the study [45].
We were provided access to the April 2010 data release comprising 266,848 participants [397], which the
data custodian had geocoded to 2006 Australian Standard Geographic Classification Statistical Divisions
[527] and postal areas [528]. We limited our analysis to participants geocoded to the Sydney Statistical
Division of New South Wales to coincide with the spatial extent of our study factor.
7.3.3. Data
Individual-level data comprised self-reported responses to the baseline questionnaire of the 45 and Up
Study [45], and were used to derive respondent-level outcomes and covariates. Postal area data included
the Sydney Walkability Index [44] and 2006 Index of Relative Socioeconomic Disadvantage [398], which
were included as study and covariate factors, respectively.
7.3.4. Outcome Variable
Psychosocial distress served as the outcome factor in our analysis, and was measured using the Kessler
Psychological Distress Scale (Kessler 10) [415]. The Kessler 10 is a dimensional measure of non-specific
psychosocial distress developed to discriminate between cases and non-cases of serious mental illness in
community populations [415]. The scale comprises 10 questions that ask respondents to rate how frequently
over the past four weeks they felt tired for no good reason; nervous; so nervous that nothing could calm them
down; hopeless; restless or fidgety; so restless that they could not sit still; depressed; that everything was
an effort; so sad that nothing could cheer them up; and worthless [415]. Item responses are scored from 1
(none of the time) to 5 (all of the time) and then summed to give a total between 10 and 50. In Australia,
scores of 22–29 and ≥30 are sensitive and specific for high and very high levels psychosocial distress in
community populations, respectively [416]; specific for any current anxiety or affective disorder [417]; and
associated with other mental disorder categories, and presence of any current mental disorder [417]. We
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created a single, binary outcome variable and classified individuals with a total scale score ≥22 as having
high (or very high) psychosocial distress for consistency with existing state and national representative
surveys monitoring population levels of psychosocial distress [416, 418–420]. List-wise exclusions due
to incomplete item responses were minimised by imputing invalid and missing data using the pairing up
and mean substitution methods implemented in the Household, Income and Labour Dynamics in Australia
Survey [421].
7.3.5. Study Variable
The primary variable of interest for all analyses was postal area walkability, which we measured using the
Sydney Walkability Index. [44]. This index is a three-factor index derived using methods and data compa-
rable to the Neighborhood Quality of Life Study (NQLS) and Physical Activity in Localities and Community
Environments (PLACE) walkability indexes [1, 12], both of which underpin extensive national and interna-
tional literatures [44]. The Sydney Walkability Index is calculated within a geographical information system
using three built environment variables:
1. Residential dwelling density—the number of residential dwellings per square kilometre of residential land
use
2. Intersection density—the number of intersections with three or more roads per square kilometre of total
land area
3. Land use mix—the entropy of residential, commercial, industrial, recreational and other land uses.
Environmental variable values are divided into deciles, scored from 1 (lowest) to 10 (highest), summed to
give a total score out of 30, and then divided into quartiles corresponding to low, low-medium, medium-high
and high walkability [44]. We have previously demonstrated the predictive validity of the Sydney Walkability
Index for utilitarian walking, and its comparability to four-variable indexes (e.g., [1, 12]) found in the research
literature [44]. We have also recently reported positive associations between the Sydney Walkability Index
and population-levels of sufficient walking and total moderate and vigorous-intensity physical activity to
enhance health, and its contribution to geographic variation in physical activity behaviours between postal
areas in the Sydney Statistical Division [22].
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7.3.6. Covariates
We included a number of individual- and area-level correlates of psychosocial distress previously identified
for the 45 and Up Study cohort in the research literature [427, 432, 554, 555, 587–596]. Individual-level
covariates included sex (male, female); five-year age group at baseline interview (45–49 to 80–84 and ≥85
years); language spoken at home (English, other); educational level (less than secondary school, secondary
school graduation, trade or certificate or diploma, university degree); relationship status (partner, no part-
ner); employment status (full-time, part-time, other, not working); health insurance type (private with extras,
private without extras, Government health care card, none); smoking status (never, past, current), World
Health Organization body mass category (underweight <18.5 kg/m2, normal weight 18.5 to <25.0 kg/m2,
overweight 25.0 to <30.0 kg/m2, obese ≥30.0 kg/m2); moderate and vigorous-intensity physical activity in
the previous seven days (0, 1–149, 150–299, ≥300 min); number of chronic conditions ever diagnosed and
treated in the previous four weeks (0, 1, 2, 3 or more); and limitations on physical functioning (none, minor,
moderate, severe). All data were obtained by self-report. Limitations on physical functioning were measured
using the Medical Outcomes Study (MOS) 36-Item Short-Form Health Survey (SF-36) physical functioning
scale [440, 531], with scores of 0 to <60, 60 to <90, 90 to <100, and 100 classified as none, minor, mod-
erate, and severe respectively. Socioeconomic disadvantage was measured at the postal area level using
the 2006 Index of Relative Socioeconomic Disadvantage [398]. This index is a general measure of disad-
vantage derived by principal components analysis of 2006 Australian Census of Population and Housing
Census variables indicative of low socioeconomic status (see [398]).
7.3.7. Statistical Analysis
Our analysis utilised a two-step approach to model relative prevalence within the study cohort. In the first
step, the predicted probabilities (Yˆij ) of psychosocial distress were estimated for each person from fixed-
effect logistic regression models conditioned on individual-level social, economic and health factors as model
covariates. We then summed the predicted probabilities for the j postal areas to obtain the total expected
numbers of persons with psychosocial distress in each postal area adjusted for its underlying respondent
structure (see [22, 442–444]).
In the second step, we used used Bayesian Besag, York and Mollié conditional auto regressive models
with Poisson likelihoods to estimate prevalence ratios for each of the j postal areas relative to the study
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area [329]. Besag, York and Mollié spatial models decompose area-level random effects into local, spatially
structured (sj ) and global, unstructured (uj ) variance components [324, 441] using:
(7.1) log(θj) = α + xjβ + sj + uj + log(ej)
where θj is the prevalence ratio for the j
th postal area; α is the mean prevalence ratio for the study area; xj
and β are optional vectors of ecological explanatory variables and parameter estimates, respectively, and
ej is a model offset representing the expected number of cases in the j
th area. The unstructured variance
component was given a normal prior with mean 0 and precision τ 2u , while the spatial variance component
used an intrinsic conditional auto regressive prior [324] with mean s¯j and precision tau
2
j conditioned on
the prevalence in the surrounding k postal areas with contiguous boundaries [324]. The hyper-parameters
τ 2u and τ
2
s were used to control the variability of uj and sj , and were given Gamma hyper-priors of γ(0.5,
0.0005) [445]. We derived expected cases ej using either the overall prevalence (ej = p × nj ) for
unadjusted models or the sum of the predicted probabilities from stage one (ej =
∑
Yˆij ) in the case of
models adjusted for individual-level factors (see [22, 442–444]).
Our analysis fit six analytic and two sensitivity models. Model 1 (M1) was an unadjusted disease mapping
model with offsets proportional to the study area prevalence (p × nj ). Model 2 was also a disease model
but with individually-adjusted offset terms from stage 1 models. Models 3–6 were ecological regressions:
model 3 added postal area walkability to model 2; model 4 added postal area socioeconomic disadvantage
to model 2; and model 5 included individually-adjusted offsets, postal area walkability, and postal area so-
cioeconomic disadvantage. Model 6 tested for effect modification of the relationship between psychosocial
distress and walkability by socioeconomic disadvantage. We additionally assessed the sensitivity of our as-
sociation between walkability and psychosocial distress to excluding physical activity level from fixed-effects
models used to adjust spatial regression offset terms for individual-level characteristics. These analyses
acknowledge the uncertainty regarding the path between walkability and psychosocial distress. If this were
mediated by physical activity, as implied by the possible route suggested by Sturm et al. [284], then ad-
justing for physical activity may suppress the substantive association between walkability and psychosocial
distress. We assessed this possibility by refitting models 2 and 3 after excluding physical activity level from
the fixed-effect model used to adjust spatial regression offset terms.
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Medians and 95% credible intervals for each model parameter were summarised from the posterior distri-
butions of two Monte Carlo Markov Chains initialised using over-dispersed starting values. We ran each
chain for 2.5 million iterations and retained every 250th sample to reduce autocorrelation and improve con-
vergence. We discarded the first half of each chain as burn-in, giving 10,000 samples in total for inference.
Autocorrelation plots and the Gelman-Rubin diagnostic [446] were used to confirm the convergence of Monte
Carlo Markov Chains [533]. All models were fit using unweighted survey data, which produce representa-
tive and generalisable relative effect estimates for individual-level analyses [472] and unbiased relative effect
estimates for postal area analyses [22] in this cohort.
We used the Deviance Information Criterion (DIC) to choose between competing conditional auto regres-
sive models with smaller values taken as evidence for improved fits [448]. We also exponentiated and
mapped the linear predictor, and spatial and non-spatial random effects for postal areas to identify vari-
ation in excess of that attributable to individual- and area-level factors. We additionally calculated spatial
fractions (ρ = σ2s/[σ
2
s + σ
2
u]) from the marginal variances of the random effects to estimate the propor-
tion of residual variation in high psychosocial distress due to unobserved and spatially-structured factors
(see [447, 471]). All data analysis and mapping was undertaken in R 3.3.2. Fixed effects logistic regres-
sions were evaluated at the 5% alpha level and conditional auto regressive Poisson regressions using 95%
credible intervals summarised from posterior distributions.
7.3.8. Ethical and Data Access Statements
The 45 and Up Study is approved and monitored by the University of New South Wales Human Research
Ethics Committee (ref no. HREC 05035/HREC 10186). The present research comprised a sub-study of the
Social, Environmental, and Economic Factors Study, which is approved and monitored by the University of
Sydney Human Research Ethics Committee (ref no. 10-2009/12187). Details on accessing 45 and Up Study
data are available on the The Sax Institute website (https://www.saxinstitute.org.au/our-work/45-up-study/).
7.4. Results
Complete data were available for 91,142 of 115,153 (79.1%) Sydney respondents residing in 254 of 260
(97.7%) study postal areas. The median number of respondents per postal area was 258, with a minimum
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of 0, maximum of 3302, and inter-quartile range of 145–441 respondents. Table 7.1 shows individual char-
acteristics for respondents included in our analysis. Similar to the full 45 and Up Study cohort [397], our
sample had similar gender and employment characteristics to the study area but was otherwise younger,
more highly educated, less likely to speak a language other than English at home, and more likely to be
living with a partner than the Sydney population aged 45 years and over [476].
TABLE 7.1. Sample characteristics and prevalence estimates for high psychosocial distress
Variable Characteristics Prevalence
N % n %
POSTAL AREA LEVEL
Walkability
Low 25217 27.7 1983 7.9
Low-medium 31023 34.0 2440 7.9
Medium-high 19232 21.1 1548 8.0
High 15670 17.2 1154 7.4
Socioeconomic disadvantage
Q1 - Most 17153 18.8 2096 12.2
Q2 19272 21.1 1800 9.3
Q3 - Middling 14833 16.3 1109 7.5
Q4 19789 21.7 1177 5.9
Q5 - Least 20095 22.0 943 4.7
INDIVIDUAL LEVEL
Sex
Male 44220 48.5 3008 6.8
Female 46922 51.5 4117 8.8
Age
45–49 13480 14.8 1328 9.9
50–54 16619 18.2 1587 9.5
55–59 16601 18.2 1367 8.2
60–64 13611 14.9 938 6.9
65–69 10093 11.1 536 5.3
70–74 6792 7.5 361 5.3
75–79 4898 5.4 319 6.5
80–84 6432 7.1 435 6.8
85+ 2616 2.9 254 9.7
Language spoken at home
English 77307 84.8 5230 6.8
Other 13835 15.2 1895 13.7
Education level
Less than secondary school 7236 7.9 1176 16.3
Secondary school graduation 26355 28.9 2267 8.6
Trade, certificate or diploma 28678 31.5 2044 7.1
University degree 28873 31.7 1638 5.7
Relationship status
Partner 68138 74.8 4457 6.5
No partner 23004 25.2 2668 11.6
Continues on next page
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TABLE 7.1. Sample characteristics and prevalence estimates for high psychosocial distress (cont.)
Variable Characteristics Prevalence
N % n %
Employment status
Full-time work 32578 35.7 2052 6.3
Part-time work 13122 14.4 996 7.6
Other work 1319 1.4 168 12.7
Not working 44123 48.4 3909 8.9
Health insurance type
Private with extras 53835 59.1 3054 5.7
Private without extras 12822 14.1 746 5.8
Government health care card 11656 12.8 1974 16.9
None 12829 14.1 1351 10.5
Smoking status
Never smoked 53560 58.8 3662 6.8
Past smoker 31276 34.3 2366 7.6
Current smoker 6306 6.9 1097 17.4
Body mass category
Underweight 1247 1.4 177 14.2
Normal weight 35709 39.2 2467 6.9
Overweight 35555 39.0 2458 6.9
Obese 18631 20.4 2023 10.9
Total physical activity
0 minutes 5296 5.8 912 17.2
1-149 minutes 15102 16.6 1635 10.8
150-299 minutes 15675 17.2 1185 7.6
≥300 minutes 55069 60.4 3393 6.2
Diagnosed chronic conditions
0 31050 34.1 1397 4.5
1 36544 40.1 2487 6.8
2 17915 19.7 2049 11.4
3 or more 5633 6.2 1192 21.2
Treated chronic conditions
0 41261 45.3 2683 6.5
1 29791 32.7 2217 7.4
2 14285 15.7 1363 9.5
3 or more 5805 6.4 862 14.8
Limited physical functioning
None 32198 35.3 1353 4.2
Minor 24974 27.4 1169 4.7
Moderate 20074 22.0 1798 9.0
Severe 13896 15.2 2805 20.2
N Stratum total, n Stratum outcome frequency, % Stratum outcome per cent
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7.4.1. Walkability
We have previously reported in detail on built environment variables and walkability profiles for Sydney
postal areas [22]. Environmental variables increased monotonically for low, low-medium, medium-high and
high walkability postal areas: residential density (2.3, 13.4, 19.8 and 46 dwellings per hectare), street net-
work connectivity (3.4, 46.1, 79.5 and 162.5 intersections per square kilometre), and land use mix entropy
(0.005, 0.033, 0.056, and 0.134), and walkability was distributed along an east-west gradient with highest
concentrations of walkable areas surrounding and north of the Sydney central business district, and lowest
concentrations in Western Sydney and the peri-urban fringe [22, 44].
7.4.2. Prevalence of Psychosocial Distress
The within cohort prevalence of high psychosocial distress was 7.8% (7.6–8.0%). Prevalence estimates
by postal area characteristics are reported at the top of Table 7.1. Levels of high psychosocial distress
were similar in low, low-medium, and medium-high walkability areas, and slightly lower in high walkability ar-
eas. In contrast, prevalence of high psychosocial distress decreased monotonically with decreasing relative
socioeconomic disadvantage, and was 2.6 times lower in least versus most disadvantaged areas.
7.4.3. Spatial analysis
Map A in Figure 7.1 reports the smoothed distribution of unadjusted prevalence ratio for high psychosocial
distress in Sydney Statistical Division estimated from model 1. There is strong evidence for clustering of
high psychosocial distress with a band of relatively higher prevalence postal areas stretching from the north,
through the centre, and then to the south-eastern border of Sydney. Prevalence ratios were consistently
lower for postal areas in the central business and surrounding districts on the eastern seaboard, and in south
western Sydney. Maps B and C decompose the total prevalence into its spatial and unstructured sources,
respectively. Map C indicates that little variation is due to unstructured factors, while map B shows that
the distribution of high psychosocial distress is largely attributable to unobserved and spatially-structured
factors. This is confirmed by the Model 1 spatial fraction reported in Table 7.2, which attributes almost all of
the variation in map A to the spatial random effect.
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FIGURE 7.1. Total, Spatial and Unstructured prevalence ratios for Sydney postal areas
Total prevalence ratios were derived by exponentiating the sum of the log odds for the s and u random effects; Spatial and Unstructured prevalence ratios were
obtained by exponentiating the log odds of the individual s and u components, respectively. Total, Spatial, and Unstructured prevalence ratio estimates are
reported in maps A–C for model 1, maps D–F for model 2, and maps G–I for model 5.
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TABLE 7.2. Conditional auto regression model summaries for high psychosocial distress
Model 1 Model 2 Model 3 Model 4 Model 5
Individual-level adjustment No Yes Yes Yes Yes
Prevalence ratios (95% CrI)
Constant 0.99 (0.96–1.02) 0.99 (0.97–1.02) 0.97 (0.91–1.03) 1.07 (1.02–1.12) 1.04 (0.97–1.12)
Walkability
Low – – 1.00 – 1.00
Low-medium – – 1.01 (0.94–1.08) – 1.00 (0.94–1.07)
Medium-high – – 1.08 (0.99–1.18) – 1.07 (0.99–1.16)
High – – 1.03 (0.93–1.15) – 1.03 (0.94–1.13)
Socioeconomic disadvantage
Q1 - Most – – – 1.00 1.00
Q2 – – – 0.98 (0.91–1.04) 0.98 (0.91–1.05)
Q3 - Middling – – – 0.92 (0.86–1.00) 0.92 (0.85–0.99)
Q4 – – – 0.90 (0.83–0.98) 0.90 (0.83–0.97)
Q5 - Least – – – 0.82 (0.76–0.90) 0.83 (0.76–0.90)
Model diagnostics
pD 127.85 21.73 24.40 15.32 17.20
DIC 1557.25 1418.33 1419.26 1409.06 1410.40
Spatial fraction 0.99 0.88 0.88 0.61 0.55
CrI credible interval, pD effective parameters, DIC Deviance Information Criterion
Model 1 null model with expected cases proportional to the overall prevalence
Model 2 null model with expected cases adjusted for individual-level factors
Model 3 Model 2 + Sydney Walkability Index
Model 4 Model 2 + Index of Relative Socioeconomic Disadvantage
Model 5 Model 3 + Index of Relative Socioeconomic Disadvantage
Table 7.3 reports unadjusted odds ratios (OR) for associations between high psychosocial distress and
individual-level covariates, which were used to adjust expected values in spatial models. All variables were
statistically significant and important in univariate models with small to medium effect sizes [597]. Odds for
high psychosocial distress were increased for females, people who spoke a language other than English at
home, had less than a university education, were not working full-time, did not have private health insurance,
or were on a government health care card. Higher odds were also observed for current and past smokers,
persons who were underweight or obese, had one or more chronic conditions ever diagnosed or treated
in the last month, or experienced minor to severe physical limitation. Reduced odds of high psychosocial
distress were associated with older age, peaking in ages 65–74, and longer durations of total moderate and
vigorous-intensity physical activity per week.
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TABLE 7.3. Unadjusted and fully-adjusted odds ratios for individual-level adjustment variables
Unadjusted Adjusted
OR 95% CI OR 95% CI
Sex p<0.0001 p=0.2434
Male 1.00 1.00
Female 1.32 1.25–1.38 0.97 0.91–1.02
Age p<0.0001 p<0.0001
45-49 1.00 1.00
50-54 0.97 0.89–1.04 0.82 0.76–0.89
55-59 0.82 0.76–0.89 0.57 0.52–0.62
60-64 0.68 0.62–0.74 0.36 0.32–0.39
65-69 0.51 0.46–0.57 0.21 0.18–0.24
70-74 0.51 0.46–0.58 0.16 0.14–0.18
75-79 0.64 0.56–0.72 0.16 0.14–0.19
80-84 0.66 0.59–0.74 0.13 0.12–0.15
85+ 0.98 0.85–1.13 0.14 0.12–0.17
Language spoken at home p<0.0001 p<0.0001
English 1.00 1.00
Other 2.19 2.07–2.31 1.92 1.80–2.04
Education level p<0.0001 p<0.0001
Less than secondary school 3.23 2.98–3.50 1.70 1.55–1.87
Secondary school graduation 1.56 1.47–1.67 1.20 1.12–1.29
Trade, certificate or diploma 1.28 1.19–1.36 1.09 1.02–1.18
University degree 1.00 1.00
Relationship status p<0.0001 p<0.0001
Partner 1.00 1.00
No partner 1.87 1.78–1.97 1.41 1.33–1.50
Employment status p<0.0001 p<0.0001
Full-time work 1.00 1.00
Part-time work 1.22 1.13–1.32 1.14 1.05–1.24
Other work 2.17 1.84–2.57 1.57 1.30–1.89
Not working 1.45 1.37–1.53 1.46 1.35–1.58
Health insurance type p<0.0001 p<0.0001
Private with extras 1.00 1.00
Private without extras 1.03 0.95–1.12 1.03 0.94–1.12
Government health care card 3.39 3.19–3.60 1.78 1.65–1.92
None 1.96 1.83–2.09 1.36 1.27–1.47
Smoking status p<0.0001 p<0.0001
Never smoked 1.00 1.00
Past smoker 1.12 1.06–1.18 1.07 1.00–1.13
Current smoker 2.87 2.67–3.09 1.64 1.51–1.78
Body mass category p<0.0001 p<0.0001
Underweight 2.23 1.89–2.63 1.61 1.34–1.93
Normal weight 1.00 1.00
Overweight 1.00 0.94–1.06 0.93 0.87–0.99
Obese 1.64 1.54–1.75 0.88 0.82–0.94
Continues on next page
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TABLE 7.3. Unadjusted and fully-adjusted odds ratios for individual-level adjustment variables (cont.)
Unadjusted Adjusted
OR 95% CI OR 95% CI
Total physical activity p<0.0001 p<0.0001
0 minutes 1.00 1.00
1-149 minutes 0.58 0.53–0.64 0.75 0.68–0.82
150-299 minutes 0.39 0.36–0.43 0.64 0.58–0.71
≥300 minutes 0.32 0.29–0.34 0.58 0.53–0.64
Diagnosed chronic conditions p<0.0001 p<0.0001
0 1.00 1.00
1 1.55 1.45–1.66 1.56 1.45–1.68
2 2.74 2.55–2.94 2.45 2.26–2.66
3 or more 5.70 5.24–6.19 4.32 3.90–4.78
Treated chronic conditions p<0.0001 p<0.0240
0 1.00 1.00
1 1.16 1.09–1.23 1.02 0.96–1.10
2 1.52 1.42–1.62 1.01 0.93–1.10
3 or more 2.51 2.31–2.72 1.17 1.05–1.29
Limited physical functioning p<0.0001 p<0.0001
None 1.00 1.00
Minor 1.12 1.03–1.21 1.24 1.15–1.35
Moderate 2.24 2.09–2.41 2.15 1.98–2.33
Severe 5.77 5.38–6.17 4.41 4.05–4.79
OR Odds ratio, CI Confidence interval
Adjusted OR remained important but were attenuated relative to unadjusted effect estimates (see Table
7.3). The two exceptions were age and body mass category. The protective effect of age relative to persons
45–49 year became stronger throughout the life span following adjustment, peaking in the 80–84 years age
group, while odds of high psychosocial distress for obese relative to normal weight individuals switched from
1.64 (1.54–1.75) to 0.88 (0.82–0.94). The latter was due to confounding of the association by limitations on
physical functioning, age, and number of chronic conditions ever diagnosed. Obese respondents with high
psychosocial distress were more likely to have severe functional limitations (50.2% versus 35.1%) or been
diagnosed with three or more chronic health conditions (24.8% versus 13.5%), and less likely to be aged 80
years or older (4.9% versus 11.5%) compared to non-obese persons.
The second row of maps in Figure 7.1 shows relative prevalence of high psychosocial distress (map D),
decomposed into to spatially structured (map E) and unstructured (map F) factors after accounting for
individual-level differences between Sydney postal areas (model 2). The magnitude of prevalence ratios
were substantially attenuated and reduced in range from 0.42–2.92 for model 1 to 0.86–1.09 for model 2.
Despite this reduction, prevalence ratio remained geographically clustered with higher rates in central and
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south-eastern Sydney, and lower rates in north Sydney (see maps D-F). The DIC and pD for model 2 indi-
cated a substantially better fit over model 1, which reduced spatial and unstructured variation by 98.5% and
52.1%, respectively, and the spatial fraction by 11.1% (see Model 2 in Table 7.2).
Associations between high psychosocial distress and postal area walkability (model 3) and relative socioeco-
nomic disadvantage (model 4) are reported in Table 7.2. We found no evidence for an association between
psychosocial distress and postal area walkability after adjusting for individual-level factors. The DIC and
pD for model 3 indicated a poorer fit compared to model 2, and all walkability credible intervals included
unity. Excluding physical activity level from model offsets in sensitivity analyses did not alter prevalence
ratios obtained from model 3 (see Table 7.4). The increase in DIC (0.98) and pD (2.39) for this sensitivity
model relative to a baseline sensitivity model excluding walkability and physical activity also provided no
support for an association between psychosocial distress and walkability, or excluding physical activity from
our analysis (see Table 7.4). Model 4 added relative socioeconomic disadvantage to model 2, which also
included individual-level socioeconomic factors, resulted in an improved model that reduced DIC by 9.3 units
and pD by 6.4 parameters. Compared to postal areas in the most socioeconomically disadvantaged quintile
1, prevalence of high psychosocial distress was similar for postal areas in quintile 2, and 8%, 10% and 18%
lower for postal areas in quintiles 3–5, respectively (see Table 7.2).
The bottom row of Figure 7.1 displays final prevalence ratios from model 5 for high psychosocial distress
(map G) decomposed into spatially structured (map H) and unstructured (map I) factors after accounting for
individual differences, and postal area walkability and socioeconomic disadvantage. Simultaneously adjust-
ing for individual and postal area factors further attenuated prevalence ratios but did not substantially affect
the geographic distribution of high psychosocial distress, which remained higher-than-expected in central
and south-eastern Sydney, and lower-than-expected in north Sydney. Adjusting for relative socioeconomic
disadvantage in model 5 did not alter effect estimates or conclusions for the association between postal area
walkability and high psychosocial distress from model 3 (see Table 7.2). The DIC value for model 5 was 1.3
units larger than the “best” fitting model 4 but within the ≤2 unit change range indicating a model deserving
consideration [448]. Spatial and unstructured variation in fully adjusted model 5 were reduced by 99.9% and
59.1% relative to unadjusted model 1, and the spatial fraction reduced from 0.99 to 0.55 (38.4%). Interaction
model 6 provided no evidence that the association between walkability and high psychosocial distress was
modified by postal area socioeconomic disadvantage (DICM6 −DICM5 = 18.1).
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TABLE 7.4. Conditional auto regression model summaries for sensitivity analyses
Baseline Walkability
Prevalence ratios (95% CrI)
Constant 0.97 (0.97–1.02) 0.97 (0.91–1.03)
Walkability
Low – 1.00
Low-medium – 1.01 (0.94–1.08)
Medium-high – 1.08 (0.99–1.18)
High – 1.03 (0.93–1.15)
Model diagnostics
pD 23.58 25.97
DIC 1420.05 1420.99
Spatial fraction 0.90 0.90
CrI credible interval, pD effective parameters, DIC Deviance Information Criterion
Baseline null model with adjusted offsets EXCLUDING individual physical activity level
Walkability Baseline + Sydney Walkability Index
7.5. Discussion
This appears to be the first study to assess associations between area-level walkability and psychosocial
distress using a large population cohort within a spatial framework. Our findings indicate that while psy-
chosocial distress is geographically clustered in the Sydney Statistical Division, area-level walkability does
not contribute to this spatial structure, which is principally patterned by the individual-level characteristics
of residents within postal areas. We did, however, observe a consistent association between postal area
socioeconomic disadvantage and prevalence of high psychosocial distress independent of individual-level
social and economic factors. Prevalence of high psychosocial distress is 10–18% lower in the least com-
pared to most socioeconomically disadvantaged postal areas after adjusting for individual-level differences
and postal area walkability. Our results suggest that while area-level socioeconomic disadvantage makes a
small contribution to geographic variation in psychosocial distress (2.2%), programming and planning activi-
ties will likely deliver greatest benefits by focusing on individual-level determinants, correlates, and mediators
of disease burden and inequality associated with psychosocial distress.
Modifying the walkability of built environments to improve the health of populations is frequently recom-
mended [1, 7–11, 44], and has been suggested as a potential focus for community-level mental health
planning [34]. Such recommendations implicitly assume that individual-level environment-behaviour and
environment-outcome findings scale to community- and population levels. However, these assumptions are
rarely evaluated, which leaves open the potential for spurious cross-level action due to atomistic [19] or
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individualistic [20] fallacy. Our study is novel in that we have directly examined associations between area-
level walkability and high psychosocial distress in Sydney at spatial scales more typical of population-level
programming, planning, and intervention. At these scales, we observed substantial geographic variation
in unadjusted disease maps of psychosocial distress prevalence for postal areas. However, we found no
evidence supporting a link between walkability and prevalence of psychosocial distress or its geographic pat-
terning, both of which appear largely attributable to the spatial distribution of individual-level factors across
the Sydney Statistical Division with a small contribution from postal area socioeconomic disadvantage.
An evidence base linking walkability to mental health outcomes is only beginning to emerge in the research
literature, and is presently derived from a small number of individual-level studies. Berke et al. reported
in 2007 that the odds of depression in the Adult Changes in Thought (ACT) Study cohort were reduced by
a factor of 0.31–0.33 for the highest versus lowest walkability quartile but only for older men. In contrast,
a 2011 cross-sectional study of older men in Perth, Australia, found that while depression was unrelated
to Census Collection District walkability, it was associated with individual environmental variables used to
construct their index, with increased odds of depression in Districts with middling (1.10–2.16) and high
(1.08–2.14) versus low land use mix, and some versus no retail land use (1.04–1.90) [287]. However, a
subsequent study of older Welsh men has reported reduced odds of psychosocial distress for greater land
use mix (0.22–1.00) and street network connectivity (0.28–1.00) [288], another built environment variable
routinely included in walkability indexes [1, 12]. While most recently, James et al have reported that the
odds of depression (1.08–1.16) and current anti-depressant use (1.08–1.25) were significantly increased
among persons living in the highest versus least walkable neighbourhoods of low-income and racially diverse
populations in south eastern United States [136].
The heterogeneity of findings from these studies likely reflects the considerable variability in methods and
measures they employed [275]. Walkability was assessed using both objective and perceived methods, and
no two studies used the same index, scale or combination of environmental variables to measure walkability.
Likewise, mental health outcomes were assessed for a diverse range of conditions and symptoms using a
mix of standardised scales and self-report. In their 2016 systematic review, Gong et al. identified an urgent
need to develop standardised approaches to researching built environment influences on mental health
[275]. This concern reflects a broader focus in the walkability literature to reconcile environment-behaviour
research methods to improve between-study comparability and inform public health policy and planning
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(e.g., [2, 44, 115]). Gong et al. have also emphasised the importance of utilising objective built environment
indexes in mental health research to reduce information bias resulting from a tendency among persons with
poorer mental health to perceive their environments more negatively [275]. Our study design is consis-
tent with these recommendations in its use of validated outcome and objective exposure variables, which
are routinely used for population-level health surveillance [582], and individual- and area-level walkability
research (e.g., [1, 7, 12, 43, 44]).
The mechanism by which walkability may influence psychosocial distress remains an important but unre-
solved issue for current and future environmental exposure research. Both physical activity [284] and social
capital [286] have been hypothesised as plausible variables through which environmental walkability acts
on mental health; however, neither has been evaluated within a causal framework. Our study indirectly
considered the influence of individual-level physical activity on area-level associations between walkabil-
ity and psychosocial distress through a sensitivity analysis that excluded physical activity from the model
used to derive offset terms for ecological regressions. We obtained the same effect estimates for environ-
mental walkability regardless of whether we adjusted for physical activity or not; however, our study design
(cross-sectional) and analytic approach (ecological) preclude us from making inferences about the pos-
sible mediating role of this variable. Ideally, any evaluation of potentially mediating variables should use
prospectively collected data from multiple waves of follow-up to allow sufficient time to elapse between the
hypothesised cause and its effect, and to avoid the bias that arises when cross-sectional data are used to
estimate longitudinal effects [598]. The 45 and Up Study comprises 265,000 persons aged 45 years and
older [45], with 40% residing in a geographical unit classified by the Sydney Walkability Index. Follow-up of
this cohort occurs approximately quinquennially, with a third wave of data collection scheduled to begin in
the next few years. This will provide a unique opportunity to evaluate potential causal pathways between
walkability and mental health, and how they may contribute to healthy ageing.
We observed strong associations between all individual-level socioeconomic indicators and psychosocial
distress. This is consistent with the substantive (e.g., [599–603]) and 45 and Up Study literatures (e.g.,
[427]) indicating higher prevalence of poorer mental health in more socioeconomically disadvantaged indi-
viduals, regardless of how mental health and socioeconomic status are measured. Odds of psychosocial
distress were 1.05–1.89, 1.27–1.92, and 1.02–1.87 times higher for persons not in full-time work, without
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private health insurance, and without a university degree, respectively. We also observed a consistent con-
textual effect of relative socioeconomic disadvantage on prevalence of psychosocial distress that reduced
postal area ratios by 10–24% in the least compared to most disadvantaged quintiles. This gradient is sup-
ported by a recent narrative review, which reported consistent evidence for a contextual socioeconomic
effect over-and-above that due to individual-level socioeconomic factors [274]. In our study, this contextual
effect accounts for approximately 2.3% of the spatial and 4.2% of the non-spatial variation in prevalence
of postal area psychosocial distress that remains after adjusting for individual-level factors and area-level
walkability. This is smaller than the 13.5% of residual unstructured variation in depression prevalence from
World Health Organization health surveys due to country-level income and income inequality reported by
Rai et al. [604]; similar to the 4.5% of unstructured variation in depressive symptoms due to area-level mean
income and Gini Coefficient reported by Lee at al. for 253 Korean communities [605]; and consistent with
review evidence indicating individual-level factors account for most of the unstructured variation between
higher-order cluster units [274]. Cross-level interactions between area- and individual-level socioeconomic
status were beyond the scope of this study; however, the available evidence suggests that poorer individual-
level socioeconomic position increases susceptibility to neighbourhood-level socioeconomic disadvantage,
while improved individual-level position buffers against this effect [274].
We also observed very strong associations between psychosocial distress and numbers of chronic con-
ditions ever diagnosed, and psychosocial distress and limitations on physical functioning. The odds of
psychosocial distress were 1.6, 2.5, and 4.3 times higher for person with 1, 2 or 3 or more doctor diagnosed
chronic conditions than those with none. Similarly, the odds of psychosocial distress among respondents
with minor, moderate or severe limitations on physical functioning were 1.2, 2.2, and 4.4 times higher than
those with none. These findings agree with previously published studies on the correlates of psychoso-
cial distress and depression among 45 and Up Study participants [554, 555], and Australian [606] and
international [607] primary care cohorts. Ormel et al. have identified three components to associations
between depressive symptoms and functional disability: an immediate effect of decreased physical function
on depressive symptoms; a weaker, lagged effect of functional disability leading depressive symptoms; and
a weak, lagged effect of depressive symptoms leading functional disability, all of which may be modified
by personal resilience factors and access to effective care [556]. The symptoms of depression and psy-
chosocial distress might also be exacerbated by the social stresses and stigma associated with reduced
physical function [555]. These possibilities are consistent with reports that psychosocial distress is more
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strongly related to level of disability among 45 and Up Study participants with cancer than the fact of a can-
cer diagnosis [588]. Our study employed a cross-sectional design, which precluded us from identifying the
directionality of associations between psychosocial distress, multiple chronic diseases, and limitations on
physical functioning. However, our findings do support a role for these factors in the geographical patterning
of psychosocial distress across the Sydney Statistical Division, which is likely to be especially informative for
planners, policy-makers, and researchers for population-level health programming, intervention, and evalu-
ation activities.
Although we found no evidence for an association between postal area walkability and psychosocial distress,
our findings still have relevance for population-level mental health planning. First, our study demonstrates
the utility of visualising geographic variation in mental health outcomes to identify areas with higher or lower
than expected rates, which may provide targets for population-level intervention. The utility of mapping for
service planning has been demonstrated by Bazemore et al., who used geographical information systems to
visualise and address discrepancies between services delivered and under-served areas in a North Amer-
ican primary care clinic network [334]. Our findings indicate that psychological distress is geographically
clustered in Sydney, and that it is the spatial distribution of individual-level demographic, social, economic
and health factors that drive this patterning. From a planning perspective, adding or removing individual-
level factors sequentially and visualising their effect on disease maps would be especially informative for
identifying those individual-level characteristics and circumstances contributing to higher-than-expected psy-
chosocial distress in a specific geographic area. This was beyond the scope of our research, which was
concerned with the contribution of area-level walkability to postal area psychosocial distress prevalence and
geographic variation over and above that attributable to individual level factors. We observed no associa-
tion between postal area psychosocial distress and walkability, and walkability had little effect on disease
maps. This suggests area-level walkability is insufficiently sensitive for informing population health policy
and programming aimed at improving mental through built environment intervention, and that planners and
policy-makers are more likely to maximise health gains by focusing on established individual-level correlates
and determinants of mental (ill) health.
A major strength of our study is it use of the large, high-quality 45 and Up Study cohort, which has
population-level coverage. However, similar to the larger cohort, our sample was younger, better educated,
and more likely to be partnered and speak English at home than the general population aged 45 years and
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over in the Sydney Statistical Division. While this precludes us from generalising point-prevalence estimates
beyond our sample, it is likely that our relative effect estimates are externally valid. It is well established
in the epidemiological literature that relative measures of risk and odds derived from cohorts are usually
generalisable irrespective of representativeness and non response [489, 492]. This has been specifically
demonstrated in the case of the 45 and Up Study by Mealing et al., whom reported that odds ratio estimates
from this cohort are highly comparable to those derived from the population-representative New South Wales
Continuous Health Survey [472]. We have also reported very high correlations between postal area relative
risks and disease maps estimated from unweighted and post-stratification weighted data, which indicates
spatial risk estimators within the 45 and Up Study cohort are unaffected by non response bias [22, 534].
Our study used validated measures for quantifying outcomes and exposures. The Kessler 10 [415] is an es-
tablished, scale-derived measure of psychosocial (psychological) distress that is routinely used in research
and to monitor mental health status in population-representative surveys [582], making it an ideal choice for
our application. Similarly, the Sydney Walkability Index is an established indicator of the built environment
with demonstrated validity and specificity for walking behaviour at a range of spatial scales [22, 44]. Objec-
tively characterising the walkability of built environments is especially important for mental health outcomes
where systematic information bias is reasonably expected [275]. In addition to being objective, the Sydney
Walkability Index is constructed using the same methods as other influential indexes in the walkability litera-
ture (see [1, 12]). However, while our index is derived at the area-level, we caution against interpreting it as
a proxy for individual-level exposure [22]. We deliberately matched the spatial scales at which we measured
outcome and exposure variables to avoid validity concerns arising from cross-level inference [21], which was
evident in at least one of the individual-level studies reviewed (see [287]). We argue that when walkability
exposure and outcome are measured at the same area-level resolution, it constitutes a contextual variable
describing the shared walkability experience of populations and groups inhabiting the same geographic
space [22]; we have demonstrated the plausibility of this conceptualisation using the same cohort and spa-
tial scale (see [22]). We believe this makes our approach especially relevant to planning applications, which
typically occur at regional levels and for populations of individuals.
Another strength of our study is its use Bayesian Besag, York and Mollié spatial models fit as disease
mapping and ecological regressions to: (1) directly assess associations between outcomes, exposures, and
covariates; (2) quantify geographic clustering of high psychosocial distress; and (3) evaluate the contribution
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of postal area walkability to this spatial structure. Spatial methods are increasingly employed in the epidemi-
ological literature to understand the role of place on health outcomes, behaviours and determinants, and
to account for spatial autocorrelation, which is problematic for valid inference if not handled appropriately
[299]. Our study demonstrates the highly spatial nature of psychosocial distress in Sydney and the impor-
tance of handling this geographic structure at the analysis stage. While standard multilevel analysis can
account for autocorrelation through random effect terms, our study highlights the advantage of decompos-
ing this variation into spatial and non-spatial sources for informing programming, planning, and intervention
activities. We also avoided potential confounding in our analysis due to individual differences in the un-
derlying response populations by adjusting model offsets using predicted probabilities from individual-level
fixed-effects regressions of psychosocial distress on person-level demographic, social, economic and health
factors. This approach is commonly employed in the epidemiological literature to adjust area-level models
where individual-level variables cannot be parameterized within a parsimonious model [443] or would be
computationally prohibitive [22, 442, 444].
Our study is subject to a number of limitations. We were unable to include a measure of social capital in
our study despite its hypothesised link with walkability and psychosocial distress. Self-reported measures
of social capital were collected as part of the 45 and Up Study baseline survey but were poorly completed.
Limiting our analysis to cases with complete data on these variables would have further reduced our effective
sample size, and resulted in a non-response rate well above the maximum 20% identified for cohort studies
and data that are missing not at random (MNAR) (see [608, 609]). However, we do not believe including
social capital would have substantially altered our findings for two reasons. First, we observed no association
between walkability and psychosocial distress for social capital to be considered a potential mediator [610].
And second, a recent individual-level study of the association between walkability and mental health reported
that effect estimates were unchanged when social capital was included in statistical models [136], which is
inconsistent with a moderating effect by social capital [611].
Another limitation of our study is that individual- and area-level factors were modelled separately. Ideally, all
variables would be included in a single, parsimonious model that allowed their joint effects to be assessed
concurrently. These types of multi-level spatial models are beginning to emerge in the epidemiological
literature (e.g., [388]) but are not easily implemented in standard statistical software, and are often com-
putationally prohibitive for problems with large sample sizes and numerous spatial units outside of high
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performance computing environments [388]. Our approach to adjusting spatial models using offset terms
derived from fixed-effect analyses of individual-level factors is commonly employed in the epidemiological
literature where a parsimonious model cannot be specified or is computationally prohibitive [22, 442–444],
as was the case in this study. However, recent methodological advances incorporating Integrated Nested
Laplace Approximation (INLA) to estimate approximate posteriori marginals appear to offer a potential solu-
tion for the efficient fitting of these multi-level Bayesian spatial models [612, 613].
Finally, our study used Australian-specific postal areas as the units of analysis, and sample-specific cut-
points for the calculation of Sydney Walkability Index variables. The spatial extents of postal areas may not
coincide with the planning units used in other jurisdictions. Associations between outcomes and exposures
can vary with geographic resolution, even when both are measured at the same spatial scale [209]. As
such, this should be taken into consideration when applying our findings at finer or coarser spatial scales.
However, we do note that the median land area of our postal areas was 7.6 km2 or the equivalent of a
1550 metre radial buffer, which is at the upper limit of buffer sizes used in individual-level studies, and for
which consistent environment-behaviour associations have been reported [196, 197]. We also quantized
environmental variables relative to their distribution in the Sydney Statistical Division, which may not be
representative of other jurisdictional spatial units. To address this potential limitation we have reported the
cut-points used to construct our index [22], and encourage planners, policy-makers, and researchers to use
these in assessing the applicability of our results to their setting of interest. We also acknowledge that the
cross-sectional design of our study limits its conclusions to non-causal inferences.
7.6. Conclusions
Walkability describes the capacity of the built environment to promote or hinder walking for multiple pur-
poses, and has been proposed by Berke and colleagues as a potential environmental focus for mental
health planning and intervention [34]. Our study examined this possibility at a spatial scale similar to those
typically used for regional-level planning and found no evidence for an association between postal area
walkability and high psychosocial distress in the Sydney Statistical Division that could be leveraged for this
purpose. We did, however, observe strong geographic clustering of high psychosocial distress, which was
largely attributable to individual-level factors with a small contribution from area-level socioeconomic disad-
vantage. These findings suggests that mental health planning and intervention activities will likely deliver
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greatest benefits by focusing on individual-level determinants, correlates, and mediators of disease burden
and inequality associated with psychosocial distress and other mental health outcomes.
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Discussion
This thesis examined the extent to which associations between walkability and the geographic distributions
of priority health outcomes support the use of objective walkability indexes for population-level urban design
and public health planning. This was achieved by validating an objective index of walkability, and then using
it to investigate the contribution of walkability to spatial variation in health-enhancing physical activity, high
body mass, and psychosocial distress among person aged ≥45 years in Sydney at a spatial resolution
similar to those used for local area and urban scale planning. The specific aims of this thesis were to:
1. Evaluate whether the Sydney Walkability Index (SWI) [36] was:
i. a valid and reliable measure of walkability, and
ii. comparable to the widely used walkability index jointly developed for the Physical Activity in Local-
ities and Community Environments (PLACE) Study [1] and the Neighborhood Quality of Life Study
(NQLS) [12];
2. Quantify associations between area-level walkability and population prevalence of health-enhancing
physical activity, high body mass, and psychosocial distress in Sydney using the SWI; and
3. Quantify the contribution of area-level walkability to geographic variation in prevalence of health-enhancing
physical activity, high body mass, and psychosocial distress in Sydney using the SWI.
The research was motivated by the increasing consideration being given to walkability in regional devel-
opment plans, and longstanding conjecture in the research literature regarding the potential of objective
walkability indexes to benchmark, inform and evaluate these plans. Incorporating walkability into plans as
a strategy for addressing population health needs assumes an exposure-response relation at the planning
scale of interest, while using indexes to benchmark, target and monitor action associated with these strate-
gies assumes walkability contributes to any geographic variation in the distributions of population health
needs. Neither of these considerations had been adequately addressed in the substantive literature prior to
this thesis, especially at the scales where planning decisions are made.
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The research presented in this thesis considered these issues of geographic scale and spatial variation, and
was unique for its population focus and geospatial approach. In this context, geographic variation encom-
passes more than just differences between (and within) areas; it is also the spatial expression or distribution
of this variation [27]. This thesis extends current knowledge on walkability and its relationships with health-
enhancing physical activity, high body mass, and psychosocial distress to spatial scales commensurate with
those used for population-level planning; and presents new knowledge on the contribution of walkability to
geographic variation in population prevalence of these outcomes. This thesis has made important method-
ological contributions to walkability index design, and the innovative application of geospatial methods to
walkability research and planning. This final chapter summaries findings within the context of the thesis
aims and existing literature; identifies its unique contributions to the walkability literature, strengths and lim-
itations, and implications for population-level administrative planning; makes recommendations for future
research; and draws final conclusions.
8.1. Summary of Findings
This section summarises the main findings of this thesis arising from the literature review (chapter 2) and
four empirical studies (chapters 4–7), which are integrated into the substantive walkability literature in sub-
sequent sections.
8.1.1. Findings From the Literature
Chapter 1 reviewed the literature on environmental walkability and found a graduated evidence base of as-
sociations that was strongest for health-enhancing physical activity; less consistent for high body mass; and
emerging for mental (ill) health. Greater use of objective walkability indexes has demonstrably contributed
to this rapidly expanding evidence base facilitated by geographical information systems (GIS) and increas-
ingly sophisticated statistical methods linking walkability and health outcomes at increasingly finer spatial
scales. The co-developed Physical Activity in Localities and Community Environments (PLACE) Study [1]
and Neighborhood Quality of Life Study (NQLS) [12, 37] walkability index was identified as especially in-
fluential in Australian and international contexts [138]. However, difficulties sourcing spatially-referenced
data often required the use of an “abridged” index excluding retail floor space ratio [7, 40, 112, 113, 174–
177], which had raised questions in the literature about the comparability of three- and four-item indexes
[1, 7, 174, 175, 454] that had not been quantitatively evaluated. An important outcome of the review was
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the observation that, despite the benefits, greater use of objective indexes had inexorably moved infer-
ence away from the geographic scales at which jurisdictional planning, programming and intervention occur,
and towards increasingly finer spatial scales around individuals and their immediate environments. This
was identified as a challenge for translating walkability research into action because it assumes individual-
level exposure-response relations manifest at population levels and contribute to differences between areas.
This has the potential for spurious cross-level action arising from atomistic [19] or individualistic [20] fallacy
whereby erroneous inferences about groups are deduced from data on individuals [21], and was born out in
the literature by concerns about the validity of using micro-level evidence for macro-level action [see 16, 17].
The literature review also identified the extent to which research had ignored the contribution of walkability
to geographic variation in behavioural and health outcomes. This is an essential consideration in recom-
mending the use of objective walkability indexes for planning and programming. Their utility in this context
rests on their ability to benchmark and monitor consequential differences in walkability between areas, and
geographically target interventions to address environmental inequalities in the distribution of walkability that
supports healthier lifestyles. However, despite these limitations, the review found that walkability research
was increasingly being translated into regional development plans, such as the Greater Sydney Region
Plan [100]. Objective walkability indexes were identified as potentially useful tools to benchmark, inform,
and monitor these activities [7, 35], and move from the rhetoric of need to creating walkable cities that sup-
port healthy populations [7]. The review concluded that demonstrating associations between walkability and
the prevalence and geographic distribution of health behaviours and outcomes at planning-relevant spatial
scales were important steps toward utilising walkability indexes for urban design and health programming
purposes.
8.1.2. Validity, Reliability and Comparability of the Sydney Walkability Index
Chapter 4 addressed thesis aim 1 by assessing the validity, reliability and comparability of PLACE-NQLS
walkability indexes comprising residential dwelling density, network connectivity and land use mix, with and
without retail floor space ratio. This was necessary because the SWI that would be used as the exposure
variable in the geospatial investigations did not include retail floor space ratio [36], which is not uncommon
in the research literature [1, 12, 174]. Previous studies had addressed this limitation by also using abridged
indexes without retail floor area ratio [e.g. 7, 40, 112, 113, 174, 453] but without evaluating their comparability
to full indexes. Chapter 4 demonstrated the equivalence of full and abridged indexes by comparing the
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measurement and empirical properties of both using a subset of 263 Sydney Census Collection Districts
for which retail floor ratio was available. The results of this study showed that an abridged index retained
most of the full index variation; was internally consistent and loaded on the same factor as a full index;
classified walkability within one quartile of a full index; and produced similar effect estimates for associations
with utilitarian walking as a full index. The same patterns of results were obtained for analyses conducted
using the abridged SWI calculated on all 5,858 Census Collection Districts in the Sydney metropolitan
region. The consistency of findings validated the use of the SWI as an exposure variable in geospatial
investigations (chapters 5–7). They also provided convergent international evidence on the validity and
reliability of PLACE-NQLS index; new insights into the latent variable structure of the PLACE-NQLS index
and validity of exposure-response relations involving abridged indexes; and indicated that the application of
abridged indexes excluding retail floor area ratio may allow for greater use of walkability indexes in research
and planning.
8.1.3. Health Behaviours and Outcomes
Chapters 5–7 addressed thesis aims 2 and 3 and quantified relations between walkability and the preva-
lence and geographic distribution of health-enhancing physical activity, high body mass, and psychosocial
distress. These outcomes were selected for their public health significance, varying evidence bases, and
consideration in development plans incorporating walkability such as the Greater Sydney Region Plan [100].
These studies used data on Sydney respondents to the 45 and Up Study baseline survey [45], and focused
on exposure-response relations at an ecological resolution similar to walkability catchment areas used for
individual-level research. The explicitly spatial framework of these studies used a disease mapping ap-
proach that employed fully Bayesian Besag, York and Mollié (BYM) conditional auto regression (CAR) mod-
els [329]. The application of this geospatial approach was innovative in the walkability literature, and allowed
the simultaneous evaluation of area-level exposure-response relations and the contribution of walkability to
geographically varying risks in outcomes. Importantly, these area-level effects were estimated indepen-
dently of individual-level factors by incorporating regression adjustment techniques from other geospatial
applications in cancer [442], infant mortality [444] and cluster detection [443] epidemiology into these anal-
yses. This contrasts with the usual approach that focuses on differences between individuals based on the
walkability of their immediate residential environment. An especially useful output of this spatial analytic
approach are the smoothed “disease maps” that can be used to communicate variation in geographical
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risk over very short time horizons to politicians, planners and policy makers because their attention is not
distracted by extreme and unreliable estimates. For example, the physical activity disease maps on page
99 show that the relative prevalence of sufficient walking to benefit health is low through central Sydney but
relatively high on the eastern seaboard. Likewise sufficient total moderate and vigorous physical activity
(MVPA) is low in southern Sydney but relatively higher in eastern and western Sydney.
8.1.3.1. Health-enhancing Physical Activity
The focus of chapter 5 was relations between walkability and moderate-intensity walking, but also included
total MVPA and high MVPA to test the specificity of study findings. The walkability evidence base is strongest
for moderate-intensity walking—especially active transportation, but largely derived from individual-level
analysis usually measured around subjects’ residential addresses. This has raised concerns in the litera-
ture about the potential for spurious cross-level action arising from using this individual-level evidence and
indexes to inform population-level policy, planning and programming [16, 17]. Chapter 5 addressed this
concern by assessing whether individual-level exposure-response relationships between walkability and
physical activity scaled to a geographic resolution similar in extent to the catchment areas at which local
area urban design and planning decisions about walkability would likely be made [13]. It also assessed the
extent to which the distribution of area-level walkability across Sydney accounted for geographic variation in
area-levels of physical activity above that due to individual and other area-level factors. The findings of the
spatial analyses indicated that increasing walkability was associated with greater prevalence of moderate-
intensity walking and total MVPA but not high MVPA at the postal area level independent of individual- and
area-level factors. Prevalence maps for all outcomes remained geographically clustered after adjusting for
study covariates. The majority of this residual variation in outcome prevalence was due to unobserved and
spatially structured (i.e. place-based) factors, indicating geographic variation beyond that expected due to
individual- and area-level social, environmental, economic and health factors.
Including walkability in spatial models explained two-thirds of the excess spatial variation for moderate-
intensity walking, one-half for total MVPA, and less than one-fifth for high MVPA, which indicates walkability
contributes to geographic variation in physical activity outcomes. Significantly, this effect was independent
of individual- and area-level socioeconomic factors, which was consistent with recent systematic review
findings [614] and reaffirms the potential for walking to address population inequities in MVPA participation
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[486]. Overall, the findings from chapter 5 extended individual-level associations between walkability and
health-enhancing walking to populations and spatial scales similar to those used for health planning, inter-
vention and monitoring. There was also some support for a positive association between walkability and
total MVPA at this scale, although this is likely attributable to the high prevalence of people in the 45 and Up
Study [45] who attain sufficient total MVPA from walking alone. The graduated exposure response outcomes
that were strongest for walking, weaker for total MVPA, and absent for high MVPA extend the findings from
chapter 4 on the specificity of the SWI to all moderate-intensity walking, regardless of purpose. The findings
demonstrated the utility of spatial analysis to inform walkability research and planning; supported the exter-
nal validity of the geographic distributions of effect estimates obtained from these analyses of the 45 and Up
Study cohort [45]; and highlighted the value of “disease mapping” for communicating geographically vary-
ing risks. Finally, this study provided information on the level and distribution of sufficient health-enhancing
physical activity in the Sydney Statistical Division (SD) that can be used in the Greater Sydney Region Plan
[100].
8.1.3.2. High Body Mass
Chapter 6 addressed relations between walkability and high body mass. The evidence base linking walka-
bility to overweight and obesity is less consistent than for physical activity [80, 115, 167, 256, 258]. As such,
associations between walkability and prevalence and geographic distribution of high body mass were not
expected to be as strong as those for physical activity but still policy-relevant given the increasing consider-
ation given to walkability in development plans aimed at reducing the burden of overweight and obesity on
populations [e.g. 97, 98, 100, 101, 615]. This chapter used the same innovative analytic methods employed
and validated in chapter 5, making it one of only a few studies [25] to utilise a fully spatial analysis of high
body mass outcomes. The use of an internally consistent walkability index also differentiated this study
from other ecological analyses in the substantive literature, which have typically utilised sprawl indicators
[e.g. 149–152, 253] and car-dependency [e.g. 25] that conflate multiple built environment concepts [12, 44].
Spatial analyses indicated that increasing walkability was associated with decreasing prevalence of both
overweight and obesity. Similar to physical activity outcomes, prevalence of overweight and obesity were
highly clustered with higher-than-expected rates in western and peri-urban Sydney and lower-than-expected
rates in central and eastern Sydney. Disease maps remained clustered after adjusting for individual- and
area-level covariates. The majority of the remaining variation was due to spatially structured factors of which
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walkability explained 20% for overweight and 9% for obesity. Chapter 6 contributes to an evolving evidence
base linking walkability to high body mass at multiple spatial scales [167]. The observed associations coin-
cide with recent review evidence linking greater levels of urban sprawl with higher rates of obesity at meso-
and macro-level scales [167], and extends contemporary individual-level associations between walkability
and high body mass to population scales [see 535–539]. The finding that area-level walkability accounts
for residual spatial variation in prevalence of both overweight and obesity independent of individual- and
area-level factors appears novel in the body mass literature. However, it is consistent with previous spatial
findings that walkability is associated with obesity cluster membership at the United States (US) census
block group level [267] and built environment variables such as car-dependence contribute to spatial varia-
tion in US county-level obesity rates [25]. The outcomes of chapter 6 extend the findings of chapter 5 on the
potential utility of walkability indexes to inform health and urban planning at local and urban scales [13, 14]
into the body mass domain; reaffirms the usefulness of spatial analysis and “disease mapping” approaches
for communicating geographically-varying risks; and have the potential to assist with liveability objectives in
the Greater Sydney Region Plan [100].
8.1.3.3. Psychological Distress
Chapter 7 examined associations between walkability and psychosocial distress. The evidence base link-
ing walkability to mental health, including psychosocial distress, was the smallest and least consistent of
all outcomes considered [275]. Despite this, walkability has been identified as a potential environmental
focus for community-based mental health care planning [34], and environments that facilitate walking have
been emphasised for their relevance to people with mental illness in jurisdictional plans [102]. This chapter
employed the same spatial methods as chapters 5 and 6, and also assessed the sensitivity of findings to
adjustment for individual-level participation in physical activity. Prevalence of psychosocial distress was un-
related to area-level walkability but strongly associated with area-level relative socioeconomic disadvantage,
regardless of whether physical activity was included in stage-one models or not. Unadjusted disease maps
were geographically clustered with a band of higher-than-expected prevalence running north-south through
the centre of Sydney. Individual-level factors accounted for most of the observed geographic variation with
area-level socioeconomic disadvantage explaining the majority of spatial variation that remained. Walkability
did not contribute to any of the observed geographic variation in psychosocial distress. The Kessler Psycho-
logical Distress Scale [415] is specific for current affective disorder in Australian populations at the cut-points
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used in this thesis, and so the null finding is consistent with a previous Western Australian study that found
no association between walkability and depression in older men using a similar area-level index [287]. How-
ever, it is inconsistent with US studies that have reported both reduced risks of depressive symptoms in men
but not women [34], and increased risks of doctor-diagnosed depression and current anti-depressive use
[136] for persons in higher walkability neighbourhoods using regression-derived [34] and composite [136]
indexes. Interpreting the significance of the findings for psychological distress is complicated by the emerg-
ing nature of the walkability evidence base for this outcome, which is still too small and heterogeneous to be
used for policy and planning purposes as suggested by Berke and colleagues [34].
8.2. Contributions to the Literature
This thesis has made a number of significant contributions to the walkability evidence base in conceptual,
methodological and content domains. These contributions reflect its innovative approach focusing on area-
level walkability exposure-response relationships within an explicitly spatial framework.
8.2.1. Content Contributions
This thesis adds to a small but highly relevant evidence base that considers area-level associations be-
tween walkability and population health outcomes [12, 16, 17, 147] measured at administrative levels where
planning and policy decisions are made. Important contributions of this research are the findings that:
(1) individual-level walkability exposure-response relations for moderate-intensity walking, total MVPA, and
overweight and obesity manifest at population scales; and (2) area-level walkability accounts for important
amounts of the geographic (spatial) variation in these outcomes beyond that expected due to individual-
level demographic, social, economic, health and area-level socioeconomic factors. The relative magnitudes
of these findings were broadly consistent with the strength of the individual-level evidence bases for phys-
ical activity and high body mass outcomes [see 6, 35, 80, 81, 89, 90, 167, 256, 258, 265, 276, 277], and
support the utility of walkability indexes to inform walkability objectives of development plans, such as the
Greater Sydney Region Plan [100]. These findings also contribute evidence that allay concerns in the lit-
erature that using individual-level walkability evidence at the population-level may result in spurious public
health action [16, 17], and support the potential use of walkability indexes as policy indicators for report-
ing on the state of the environment and its (changing) capacity to support walking for multiple purposes
[e.g. 616]. The observation that area-level walkability accounts for unexplained spatial variation in physical
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activity and high body mass provides new kinds of evidence that walkability indexes can be used to geo-
graphically target interventions to improve environmental walkability, and potentially address inequalities in
health-enhancing environmental infrastructure [23]. It is also significant that associations between walka-
bility and moderate-intensity walking were not attenuated by either individual- or area-level socioeconomic
factors, which is consistent with individual-level findings [614] and provides population-level evidence in sup-
port of the potential for walking to address population inequalities in MVPA participation [486]. The evidence
linking the built environment and high body mass is strongest for macro urban scales, and specifically urban
sprawl and land use mix [167, 258]. This research contributes additional evidence at this scale within the
specific context of objectively measured walkability for populations. Equally important are the findings from
this research that walkability is both unrelated to psychosocial distress and its geographic distribution at the
population-level, which questions the appropriateness of using walkability for community-level mental health
planning [34].
8.2.2. Walkability Index Methodology
The first aim of this thesis was to evaluate whether the abridged SWI was a reliable and valid measure
of walkability, and comparable to the widely utilised PLACE-NQLS walkability index [1, 12]. In achieving
this aim, the thesis also addressed broader issues of reliability and validity relevant to the utilisation of the
PLACE-NQLS index in the substantive literature, especially where hybrid versions are implemented.
8.2.2.1. Comparability of Abridged and Full Walkability Indexes
The finding in chapter 4 that abridged walkability indexes excluding retail data are comparable to full walka-
bility indexes including retail data does not appear to have been previously reported. The full PLACE-NQLS
walkability index comprising residential density, network connectivity, land use mix and retail floor space
ratio [1, 12] has been widely adopted, and underpins a broad and growing body of evidence linking the
walkability of built environments to a range of health behaviours and outcomes [370]. However, a limitation
to its greater utilisation is the availability of retail floor area data [1, 12, 174]. This thesis has demonstrated
that in the absence of these data, an abridged PLACE-NQLS index comprising residential density, network
connectivity and land use mix may be used to characterise environmental walkability. Other published stud-
ies have used abridged PLACE-NQLS indexes and reported findings broadly consistent with those utilising
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full PLACE-NQLS indexes [e.g. 40, 112, 113, 135, 174, 316, 453, 617, 618], which provides some quali-
tative support for the comparability of three- and four-item indexes. However, a significant and persistent
concern in the walkability literature is that heterogeneity in study findings is due to methodological and mea-
surement issues [e.g. 2, 33, 35, 80, 89, 226, 256], which cannot be resolved by qualitative syntheses of
primary study outcomes. In contrast, this thesis was unique for its explicit comparison of measurement and
exposure-response characteristics of three- and four-item indexes, which provided direct quantitative evi-
dence for their similarity. The significance of this finding is twofold. First, it may contribute to the greater use
of walkability indexes for research or planning; and second, it supports the external validity and compara-
bility of existing study findings derived using abridged PLACE-NQLS indexes [e.g. 40, 112, 113, 174, 453].
The published version of chapter 4 [44] has been cited by various studies to support using an abridged
walkability index [e.g. 135, 316, 617, 618].
It is important to note that this comparability is limited to index implementations using the original PLACE-
NQLS index methodology, which derives land use mix as an entropy-based measure [see 1, 12, 37]. Simpler
destination-based measures that enumerate access to specific land classes and destinations (e.g. public
transport, supermarkets and convenience locations) [e.g. 137, 361, 619] have been suggested as alterna-
tives to entropy measures [619], and are included in some newer implementations of the PLACE-NQLS
walkability index for urban design and liveability applications [137, 361]. There is some evidence that
entropy-based measures may be differentially associated with transport, recreation and total walking de-
pending on the numbers and types of land classes used in their derivation [454], although this is not evident
when the entropy measure is incorporated into an index as in this thesis [see Tables 4–6 of 454]. Similarly,
there is some evidence that destination-based measures better predict continuously distributed body mass
than entropy-based measures, but perform similarly when categorical outcomes like prevalence of over-
weight and obesity used in this thesis are considered [619]. Examining the influence of land use measures
on physical activity, overweight and obesity, and psychosocial distress was outside the scope of this thesis,
which sought to understand how spatial variation in these outcomes at a population-level are associated with
area-level walkability using an established and validated index that has been used extensively in Australia
and other international settings. The extent to which these associations may be attenuated or strengthened
through alternative formulations of the land use mix component should be a focus for future research.
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8.2.2.2. Reliability, Validity and Latent Variable Structure
The PLACE-NQLS walkability index [1, 12] was constructed with the intention of providing a uni-dimensional
measure of the walkability of built environments [12]. However, validation studies of the index did not address
this aim [see 12], and no research had evaluated its latent variable structure prior to this thesis. Chapter
4 found that the full PLACE-NQLS index comprises a single latent component on which all environmental
variables positively load, and that this component and loading pattern is retained in an abridged index
excluding retail floor space ratio. The stability of the principal component structure of the index is further
supported by its consistency across City of Sydney (27 km2) and Sydney Metropolitan Region (3,685 km2)
spatial extents. The unitary structure of the SWI was also reflected by its internal consistency, which was
acceptable for research purposes. These findings represented new international evidence on the validity of
PLACE-NQLS indexes as cohesive measures of walkability for research and planning purposes generally,
and supported the external validity of studies utilising the SWI specifically.
8.2.3. Walkability as a Contextual Variable
An important feature of this thesis was its conceptualisation of walkability as a contextual measure when de-
rived at the spatial scale of analysis. That is, a characteristic of the areal unit to which groups of individuals,
communities and populations are exposed, and not simply the average exposure of individuals within that
area (see Discussion in chapter 5, p.105). This conceptualisation is consistent with jurisdictional planning,
which typically occurs at local, urban and regional scales [13–15], but differs to the orthodox (research) view
of walkability as a characteristic of individuals and micro-level environments [167]. In reality, the resolution of
walkability, however operationalised, has varied greatly and evolved with the “state-of-the-art” in geographi-
cal information sciences and statistical methodology. Early walkability indexes assigned to individuals were
derived by factoring [4, 153] and clustering [155] methods at neighbourhood and travel zone scales but were
analysed ignoring the nested data structure. Even Krizek’s [153] “high resolution index” [12] reported at reg-
ular 150 metre grid intervals represents averaged variable values for the surrounding 0.9 km2 land area.
Initial versions the PLACE-NQLS index used in this thesis were derived at Australian Census Collection Dis-
trict [1] and United States Census Block Group [620] levels because “health research necessitates sampling
at a geographic level at which other critical data sources are available” [12, p.925], such as census data.
These area-level indexes were also used for individual-level inference [e.g. 139, 146, 237, 238] but employed
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within multilevel models that appropriately accounted for the complex study design [2]. Walkability at these
levels is synonymous with the conceptualisation of walkability presented in this thesis, albeit applied within
a hierarchical data structure where all area level variability is considered generically. Walkability indexes
derived at the micro-scale using radial or network buffers represent the “gold standard” for individual-level
inferential studies [148]. However, even at these high-resolution scales it is not clear that walkability rep-
resents a uniquely individual exposure. Walkability scores derived within these person-based measures
of “neighbourhood” [see 621] are likely to be highly correlated among spatially proximal participants [31],
especially where buffers overlap. This is consistent with Tobler’s first law of geography that “everything is re-
lated to everything else, but near things are more related than distant things” [298, p.236]. Lee and Moudon
noted as early as 2004 the problematic nature of this spatial autocorrelation for individual-level research;
that hierarchical analyses provided limited solutions to this problem; and that spatial methods needed to be
more fully explored [31]. Thus, even at the finest levels of measurement, walkability remains contextually
dependent [622].
8.2.4. Spatial Analysis
The second and third aims of this thesis addressed the extent to which micro-level walkability exposure-
response relations manifest at spatial scales used for planning and programming, and whether walkability
contributes to geographic (spatial) variation in population-level health behaviours and outcomes—both im-
portant considerations in the utilisation of objective indexes for planning, targeting and monitoring environ-
mental policies and interventions to improve walkability. This was achieved using spatial analysis within a
“disease mapping” framework [see 324]. Walkability research had largely ignored the issue of geographic
variation prior to this thesis, despite its inherently spatial nature [167] and a tendency to cluster in space that
was evident in the earliest maps [see 12, 39]. As argued in chapter 6, geographic variation encompasses
more than just between-group variation (differences), which is frequently reported in walkability studies [e.g.
303–307, 506–515]; it is also the spatial expression or distribution of this variation [27]. A significant contri-
bution of this thesis was its demonstration of how geographic variation in outcome and exposure data could
be leveraged through spatial analysis to provide new evidence at planning-relevant resolutions.
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8.2.4.1. Autocorrelation
Spatial autocorrelation describes the clustering of observations in space [27], and was a consistent feature
of all studies reported in this thesis. Moran’s I and map visualisations from chapter 4 indicated walkability
was highly clustered in Sydney, and disease maps from chapters 5–7 were similarly clustered with ≥80%
of the residual variance in outcomes spatially structured. This suggests spatial autocorrelation is an inher-
ent feature of the data typically used for walkability research, and that individual-level factors do not fully
account for this clustering. Spatial autocorrelation is problematic for standard statistical methods because
model residuals may not be independently and identically distributed (IID), which can lead to biased infer-
ence [25, 485]. As discussed in chapters 5–7, spatial autocorrelation is often handled unintentionally in
walkability research through the use of general and generalised linear mixed models employed to account
for multilevel study designs [22, 46, 47]; for example, when walkability is measured at meso-levels or other
contextual variables are included in the analysis [2]. However, these more complex methods have not been
routinely employed in non-hierarchical study designs leaving them open to bias through uncontrolled spatial
autocorrelation. An important contribution of this research is the finding that this spatial autocorrelation is
informative for planning when leveraged using appropriate spatial analytic methods, even when the outcome
is unrelated to walkability (see chapter 7), because it can identify geographical factors that may influence
health, such as walkability.
8.2.4.2. Statistical Methods
In this thesis autocorrelation was leveraged within a “disease mapping” framework [324] using Bayesian
BYM CAR models [329], which represented the first application of this approach within the walkability liter-
ature. The goal of disease mapping is to recover variation in disease risks for spatial units across a study
region “smoothed” of extreme and unreliable values arising from differences in the sizes of their underlying
populations [324]. The BYM model achieves this by decomposing variation into spatially structured and
unstructured random effects that smooth estimates towards the local mean of surrounding spatial units and
the global mean of the study area, respectively [324, 441]. This approach is more informative than meth-
ods that focus on total variation because the variance components also indicate the extent to which map
variation is due to spatial and non-spatial factors, and therefore potentially due to geographically and non-
geographically structured factors. Using raster data within these models to estimate a continuous surface
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of exposure-response associations [1] may assist in addressing the use of arbitrary zonal units, although
even raster data are subject to the modifiable areal unit problem (MAUP) [623]. The BYM model is com-
monly employed in the epidemiological literature for small area estimation problems [330, 378] because it is
implemented in standard statistical software, robust to variance misspecification [331], and easily extended
to ecological regression problems by incorporating area-level covariates [324]. The distinct advantage of
the BYM model is that it allows the contribution of walkability to residual geographic variation in health be-
haviours and outcomes to be uniquely assessed and quantified, which is more informative for planners than
the post hoc analyses of between-cluster differences reported in the literature [e.g. 267, 300–302]. For ex-
ample, in addition to being significantly associated with moderate-intensity walking, total MVPA, overweight
and obesity in this thesis, walkability was estimated to explain 66%, 47%, 20% and 9% percent of the resid-
ual spatial variation in these outcomes, respectively, and reduced clustering in adjusted prevalence maps.
This indicates walkability was contributing to the geographical patterning of outcomes, and that environmen-
tal interventions to improve walkability may help to reduce differences between areas.
Another advantage of the BYM model is that because it smooths estimates towards local and global means,
robust estimates can be obtained over relatively short time periods, which has been identified by Merom and
colleagues as essential for timely health needs assessment [15]. A potential limitation of the BYM model
for walkability research is its ecological nature; however, this thesis has demonstrated it is easily and ef-
ficiently addressed through a two-stage modelling strategy employed in other epidemiological applications
that incorporates regression adjustment of population offsets using individual-level data [see 442–444]. This
allows the contribution of walkability to spatial variation in study outcomes to be assessed independent of
person characteristics within the underlying populations and any area-level covariates included in stage
2 spatial models. The encouraging news for walkability research is that over the time course of this the-
sis, advances in statistical methods such as individual level covariate adjusted conditional autoregressive
(indiCAR) models [388], Integrated Nested Laplace Approximation (INLA) [613] and Multilevel Analysis of
Individual Heterogeneity and Discriminatory Accuracy (MAIHDA) [624, 625] are providing increasingly effi-
cient methods for fitting parsimonious multilevel CAR models, although data intensive CAR problems such
as those considered here remain dependent on high performance computing (HPC) environments [388].
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8.2.4.3. Mapping
Another important contribution of this thesis to the literature was its use of maps to report study outcomes.
While other studies have included maps in their reports, these tend to have been either basic maps of
observed values that do not account for the reliability of estimates [e.g. 15] or maps of cluster locations
[e.g. 267, 300–302]. The specific purpose of the disease mapping approach employed in this thesis was
to recover risk maps that were smoothed of unreliable extreme values [324]. This makes them especially
useful for communicating geographically varying risks because the viewer’s attention is not distracted by
unreliable extreme estimates, which arise in larger spatial units due to the inverse association between land
area and population [328], and may assist to appropriately target interventions where there is the greatest
need [626] and address issues of environmental inequalities [23]. The use of map panels in this thesis was
useful for visually presenting the effect of adjusting models for individual- and area-level factors on study
outcomes, and demonstrating the unique contribution of walkability to geographic variation in moderate-
intensity walking, total MVPA, overweight and obesity. This approach could be applied more broadly within
the literature by mapping the shrunken residuals of the multilevel models more commonly employed in
walkability research.
8.2.5. Spatial Scale
Needs assessment and planning activities typically occur at coarser spatial scales than individual-level re-
search [15]. These coarser scales comprise Saelens and Handy’s macro-levels [2], Sugiyama et al.’s local-
levels [13], Rydin et al.’s urban scales [14], and Merom et al.’s regional scales [15]. This research considered
walkability at an ecological scale, which has provided translational evidence on the scalability of individual-
level walkability exposure-response relationships to populations. At these scales, walkability is reliably as-
sociated with increasing prevalence and geographic distribution of sufficient moderate-intensity walking and
total MVPA to enhance health, and decreased prevalence of overweight and obesity, but is unrelated to
psychosocial distress. For physical activity and high body mass, these findings should also allay concerns
expressed in the substantive literature [see 17] about using individual-level data to inform population-level
action, and help address planners’ and policy-makers’ calls for evidence at coarser geographic scales to
support their decision making [15, 151, 344, 345]. This research represents a first step towards understand-
ing walkability exposure-response relations and variation at these scales using a sophisticated but easily
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reproducible spatial methodology. The spatial unit of analysis for this thesis—Census postal areas—was
promulgated by the data custodian and will not be representative of the myriad local and urban scales at
which health and urban planning occurs; however, it provided a reasonable areal analogue for the pur-
poses of this research, which was supported by two observations. First, important geographic variation in
health outcomes were observed at the postal area level, which was associated with walkability measured
at the same spatial scale. This is important because postal area identifiers are more readily available than
smaller spatial units or longitude and latitude coordinates in bespoke and administrative data collections
[379, 380, 383]. Second, the median land area of postal areas in Sydney is 7.6 km2. Notwithstanding the
likely greater variability in postal area extents, this approximately corresponds to a radial buffer of 1,550
metres, which is within the upper range of “high resolution” catchment areas employed for individual-level
walkability research that has reported consistent exposure-response relations in (older) adult life stages
[196, 197]. This adds to the face validity of outcomes reported in this thesis.
8.2.6. External Validity
An important contribution of this study is the finding from chapter 5 that geographically modelled prevalence
ratios derived from the 45 and Up Study cohort are externally valid. The 45 and Up Study is a population-
based cohort derived from a probabilistic sample of the Medicare Australia enrolment database; however,
due to an 18% response rate it is not representative of the NSW population aged 45 years and over [45].
Previous methodological research had established the external validity of relative effect estimates derived
from the 45 and Up Study cohort against population-representative NSW Population Health Survey effect
estimates [472], and indicated weighting was not required if analyses conditioned on the sampling stratifica-
tion variables [472, 627]. This is consistent with an established epidemiological literature indicating that while
point estimates may be biased by non-response in cohort studies [487, 488], relative effect estimates are
generally representative of the study base [489–493]. However, it was still possible that the non-response
rate may have differentially biased the second stage spatial analyses. This possibility was assessed in
chapter 5 via a comparative analysis of adjusted and unadjusted area-level prevalence ratios derived with
and without post-stratification sample weights, which were highly correlated (r≥0.94) for all physical activity
outcomes [22]. This analysis was subsequently extended to include modelled BYM CAR estimates, which
were also highly correlated and produced indistinguishable disease maps for weighted and unweighted data
[534] (see appendix D2, p.388). These analyses supported the external validity of geographically modelled
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effect estimates, and extended Mealing et al.’s [472] findings on the generalisability of 45 and Up Study
effect estimates to spatial analyses of this cohort.
8.3. Implications for Policy and Planning
The findings of this thesis will be of interest to planners and policy makers who have been calling for evi-
dence at jurisdictional decision-making scales [15, 151, 344, 345]. Notwithstanding issues relating to the
MAUP discussed below, the results indicate that benchmarking, planning and policy activities need not be
restricted to considerations of walkability around point-locations within planning units but can be addressed
at the area-level for resident populations. The spatial analyses for moderate-intensity walking, total MVPA,
overweight and obesity all indicated that walkability was principally contributing to the spatial component of
the variation between postal areas that remained after adjusting for individual-level characteristics and area-
level socioeconomic disadvantage; that is, it was accounting for geographic variation in the prevalence of
these outcomes. This highlights the potential for spatial analysis to influence public policy [23] and address
environmental inequalities in the distribution of health-enhancing infrastructure [29]. It also supports a role
for walkability tools such as those implemented in the Australian Urban Research Infrastructure Network
(AURIN) [7, 178] in moving walkability research from rhetoric to action [7, 35].
The implications of findings from this thesis for mental health policy and planning are less clear. Although
spatially structured in Sydney, psychosocial distress was unrelated to walkability and largely patterned by
the geographic distribution of population characteristics within postcodes. This suggests that mental health
planning and intervention activities will likely deliver greatest benefits by focusing on individual-level determi-
nants, correlates, and mediators of disease burden and inequality associated with anxious and depressed
mood. However, this does not preclude a role for walkability in promoting positive mental wellbeing. A
recent review reported that walking was most consistently associated with positive metal health outcomes,
such as psychological and subjective wellbeing [277]. Greater social capital within communities has also
been linked to improved mental health outcomes by promoting trust, and enhancing feelings of familiarity,
certainty, resilience, and reciprocity [275, 284, 286, 577]. While this thesis was unable to specifically ad-
dress positive mental health because the 45 and Up study does not collect information on these outcomes;
the associations between walkability and walking [90], and walkability and social capital [628] reviewed in
chapters 2 and 7 provide plausible pathways through which walkability may act on positive mental health
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outcomes [251]. As such, policy, planning and interventions focused on walkability to promote walking and
social capital may have flow-on benefits for positive mental wellbeing; however, further research is required
to understand what role walkability plays in the social and spatial patterning of mental health outcomes.
An important next step is assessing the acceptability and utility of the SWI and disease mapping method-
ology for informing health and urban design policy and practice with key stakeholders, including planners
and policymakers. Large-scale urban design and expansion initiatives planned for Sydney in the coming
years, such as the Greater Sydney Region Plan [100] and Western Sydney Aerotropolis Plan [354], repre-
sent unique opportunities to undertake this work. A key challenge in this respect is providing more nuanced
insights into the spatial distributions of walkability components, and how different built environment factors
pattern population health outcomes so that interventions to improve walkability can be appropriately tar-
geted. Technological limitations restricted the complexity of the models that were used in this thesis, which
limited its scope to investigating associations between walkability index values and health outcomes. How-
ever, the inexorable growth in computing power coupled with increasingly efficient fitting algorithms (e.g.
INLA [613] and MAIHDA [624, 625]) are expanding the breadth of spatial models available to identify those
features of walkability driving the associations reported in this thesis. These developments support the util-
ity of the methodology utilised in this thesis, which is applicable and implementable in any setting where
a spatial unit of interest can be identified. This was demonstrated in a recent study reported by Higgs
et al. that used Bayesian hierarchical regressions to evaluate the policy-relevance of Liveability Indicators
in Melbourne, Australia [361]. From this perspective, disease mapping represents a high-level analytical
method for identifying areas-of-interest, which then provides a focus for more fine-grained evaluations of
built environment features by urban planners. Likewise, disease mapping has the potential to be used as a
broad-scale indicator for evaluating interventions that seek to improve the walkability of built environments.
This is not to diminish the utility of walkability indexes for informing health and urban planning. Both Chris-
tian et al. and Grasser et al. have reported associations between walking [35, 454] and body mass [35]
outcomes and composite walkability index scores in the absence of associations with individual walkability
index components. This is consistent with the notion of walkability as a construct measured by intermediate
or proxy indicators [12, 135], and suggests walkability indexes may be helpful in identifying latent variation
not attributable to specific built environment features like residential density, street connectivity and land use
mix.
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As described in chapters 4–7, the Greater Sydney Region Plan provides a blueprint for the regional de-
velopment of the Sydney over the next 40 years [100] that endeavours to create a metropolis of three,
“30-mintue cities” in eastern (Eastern Harbour City), central (Central River City) and western (Western Park-
land) Sydney that provide a maximum commute time of 30 minutes via active and/or motorised transport
modes between residents’ homes and locations of employment, services, amenity and social interaction
[100, 457, 629, 630]. A key liveability objective to achieving this aim is creating healthy, resilient and socially
connected communities by promoting fine-scaled urban form, land use and amenity within walkable urban
centres [100]. Plan Melbourne 2017–2015 [99] is similarly focused on travel time budget urban design, and
emphasises “20-minute neighbourhoods” wherein residents can meet most of their daily living needs via
a 20 minute walking, bicycling or public transport trip from their home [631, 632], with a strong focus on
walkability [353]. Although the SWI was not developed within the context of these time-based definitions,
the median spatial extent (7.6 km2) of the analysis units used for epidemiological studies in chapters 5–7
agrees well with service area buffer sizes typically used to define 20-minute neighbourhoods for planning-
relevant research [e.g. 137, 633, 634] and smaller than those that would define 30-minute neighbourhoods.
However, a strength of the SWI is its derivation at the Census Collection District level, which means it can
be easily aggregated to larger spatial units to reflect the neighbourhood size of substantive interest. The
capacity to aggregate to larger spatial units is an important property for spatial measures [635] that was
deliberately “designed into” the SWI [36]. As such, the SWI and spatial methodology described in this thesis
can be easily applied to 20- and 30-minute neighbourhoods by redistributing Census Collection Districts into
a wide range of spatial units that are meaningful for planning and analysis.
The outcomes of this thesis also build on the walkability findings from The National Liveability Study [359,
360]. Similar to the liveability scorecard for Sydney [633], walkability in this study was highest for southern
and inner-city areas, and lowest in western Sydney areas and peri-urban fringe. The significance of this
observation is in the temporality of the two studies, which broadly indicates little has changed in the spa-
tial distribution of walkability across the Sydney Statistical District from 2007 to 2017. Higher walkability in
inner-city areas and lower walkability on the outer fringe is similar to other Australian cities [352], and high-
lights the importance of considering the socio-spatial patterning of active transportation infrastructure when
designing policies and interventions to reduce social gradients in the distribution of adverse environmental
exposures and transportation disadvantages [317]. In this context, walkability can also be employed as an
environmental justice indicator. Important outcomes of The Australian National Liveability Study included
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recommendations on the need for greater use of urban design indicators that are spatially-defined and im-
plemented within a metropolitan-scale governance framework to ensure state and local policies are consis-
tent and evidence-informed [352, 369, 633]. The Healthy Liveable Communities Urban Liveability Checklist
[636] arising from The Australian National Liveability Study [359] indicates a density of ≥25 dwellings per
hectare is desirable for creating walkable neighbourhoods. Only 34% of Sydney Census Collection Districts
included in chapter 4 met this criterion when the SWI was derived in 2007, and only marginally more (37%)
of the Sydney suburbs achieved a more modest benchmark of ≥15 dwellings per hectare in 2017 [633]. This
highlights the need to underpin the Greater Sydney Region Plan [100] with objective, spatially defined, and
evidence-informed urban design indicators to ensure its liveability and walkability aspirations are realised
[633].
More recently, Higgs et al. reported that in Melbourne, the individual odds of taking a walking transport trip
were increased by a factor of 1.10 for every one unit increase in the walkability index sub-domain indicator
of the Australian Urban Liveability Index, regardless of whether walkability was calculated at the residential
lot, Mesh Block, Statistical Area 1, Suburb or Local Government Area [361]. This is consistent with the
findings from chapter 5 that postal area prevalence of sufficient walking to improve health among persons
≥45 years increases with increasing postal area walkability, and is significantly higher for Sydney postal
area walkability quartiles with median residential densities ≥46.0 dwellings per hectare, street connectivity
≥162.5 intersections per km2, and land mix entropy ≥0.134. Significantly lower postal area prevalence of
overweight and obesity for persons ≥45 years was also observed for Sydney postal area walkability quartiles
with median residential densities ≥19.8 dwellings per hectare, street connectivity ≥79.5 intersections per
km2, and land mix entropy ≥0.06. The findings from this thesis, when combined with those from The
Australian National Liveability Study [137, 352, 359, 369, 633] and The Healthy Liveable Communities Urban
Liveability Checklist [636], provide an empirical evidence base for informing indicators to target, monitor and
evaluate liveability objectives in the Greater Sydney Region Plan [100] aimed at creating healthy, walkable
environments.
The methods described in this thesis may assist in strategically targeting areas for infrastructure upgrades,
especially if they are linked to resources such as the AURIN Walkability Tools that streamline the contem-
poraneous calculation of walkability at bespoke spatial scales [7, 178] and involve a broad range of urban
design, transport and health professionals. These spatial methods have the added advantage of being
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able to do this over much shorter time frames than approaches previously reported in the literature for the
Greater Sydney Region [15] through the inclusion of smoothing components. They are also easily imple-
mented in other Australian states and territories and international contexts where spatial units of policy and
planning significance can be identified. Importantly, the application of this approach is independent of the
planning and policy contexts under consideration, which have been shown to vary widely across jurisdic-
tions, even within in single country such as Australia [137, 351, 362–364]. For example, the study of Higgs
et al. [361] above that developed liveability measures for Melbourne using Bayesian multilevel models within
mesh blocks could easily be extended to include spatial processes. In addition, the health risk estimates
and methods described in this research may also be used for environmental indicator development [371]
and health impact assessment [371] within frameworks such as the Driving forces, Pressures, States, Ex-
posures, Effects and Actions (DPSEEA) [371, 372] to support climate and development policy and practice;
monitor and evaluate changes in the walkability of areas and population health over time in response to both
planned and opportunistic built environment interventions and developments; and could easily be extended
to include other non-communicable diseases and their associated risk factors.
8.4. Strengths and Limitations
Each study presented in this thesis was subject to its own unique strengths and limitations, which have been
addressed in the discussion sections of the relevant chapters. In this section the strengths and limitations
common to all studies and the thesis overall are addressed.
8.4.1. Strengths
A strength of this thesis was the quality and coverage of data sources. Spatial data used for the SWI expo-
sure variable came from jurisdictional agencies and statutory corporations, and represented the authoritative
information sources for urban development, health and transport planning and utility supply in Sydney over
the time period of this research. Similarly, data used to derive area-level prevalence estimates for validation
and spatial analyses included all employed persons in the City of Sydney (n=58,798) and Sydney Metro-
politan Region (n=1,445,621) responding to the 2006 Australian Census of Population and Housing [469],
and all Sydney respondents to the population-based 45 and Up Study [45] for health-enhancing physical
activity (n=95,837), high body mass (n=92,157) and psychosocial distress (n=91,142) studies. Although
collected on a single day in winter, the method of travel to work variable used to validate the SWI has been
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included in the Australian Census with a “walked only” category since 1986 [637]; has low non (1.8%) and
erroneous (<1.0%) response rates [638]; and is consistent with walking mode response categories used in
other international transport surveys [e.g. 165]. The 45 and Up Study [45] data collection also used reliable
response items and surveys that were validated for Australian populations; produced externally valid relative
effect estimates irrespective of sample weighting [472]; and have been reported in over 300 peer-reviewed
publications (see https://www.saxinstitute.org.au/publications/45-and-up-study-research).
Walkability exposure for epidemiological studies reported in chapters 5–7 was assessed using the objectively-
measured SWI [36]. Objective measurement of walkability represents the “gold standard” for exposure as-
sessment in the research literature because they reduce measurement error [31, 64] and address cognitive
biases in mental maps of environmental infrastructure [106]. Objective assessment of walkability was espe-
cially important for the study of psychosocial distress reported in chapter 7 as persons with poorer mental
health are more likely to negatively report attributes of their urban environment [275]. Validating the three-
attribute SWI in chapter 4 also strengthened the external validity of the findings from the epidemiological
studies reported in 5–7 by: (1) demonstrating the comparability of walkability indexes using residential den-
sity, intersection density, land use mix, with and without retail floor area ratio; and (2) confirming three- and
four-attribute walkability indexes provided a cohesive, uni-dimensional measure of walkability.
A major strength of this thesis was its population (ecological) focus. Individual-level research is essential
to building the walkability evidence base; however, the application of this evidence at planning and pro-
gramming scales is an area-level activity focused on groups of individuals, communities and populations.
Applying evidence derived from individuals to groups may lead to potentially spurious action if the cross-
level inference is erroneous [21], and has been raised as a concern for walkability planning and policy [17].
Analysis at the population level directly addresses calls from planners and policy makers for evidence at
the levels where jurisdictional decisions are made [15, 151, 344, 345], and adds to the existing evidence
base supporting the use of walkability measures for state and local planning applications. The outcomes of
this research should provide some reassurance to planners and policy makers that investments in infras-
tructure at planning scales to improve walkability are likely to result in benefits for populations. They also
provide a methodology to target priority areas of low walkability with adverse health risks, and to assess
the effectiveness of population-level walkability interventions over time. The area-level walkability and risk
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estimate approach adopted here will facilitate health impact assessment at the population-level and provide
a mechanism to monitor changes over time in response to environmental interventions [see 40, 639].
Another strength of this research was its spatial approach, which addressed and leveraged the spatial au-
tocorrelation that appears to be an inherent feature of walkability exposure-response relations [22]. Spatial
autocorrelation is problematic for standard statistical models and can lead to biased inference [25, 485].
Walkability research typically treats spatial autocorrelation as a nuisance variable [534] and conflates it
with non-spatial variation in a common random effects term [299]. However, spatial autocorrelation is in-
formative and can be used to identify geographic factors (e.g. walkability) that influence health [25]. The
BYM CAR model employed in this thesis decomposes total variation into spatial and non-spatial sources
[324, 329], which allowed the simultaneous evaluation of statistically valid associations and contributions of
walkability to geographic variation in study outcomes. Partitioning spatial and non-spatial variance has the
added benefit of smoothing unreliable effects towards global (non-spatial) and local (spatial) means, which
resulted in more precise point-estimates for postal areas that were estimated over a shorter period and us-
ing less data than other approaches previously reported in the walkability literature [e.g. 15]. Incorporating
regression-adjustment techniques from other spatial epidemiology applications [e.g. 442–444] into these
ecological models further strengthened the robustness of study findings by eliminating potential sources of
confounding due to individual-level factors. Finally, the smoothed map outputs from these analyses provide
an effective method for communicating geographically varying risks.
8.4.2. Limitations
The SWI used in this thesis was derived and classified using sample-specific quantiles for environmen-
tal variables and walkability scores. Calculating and classifying these values using quantiles is common
practice in the walkability literature; protects against extreme values; and was recommended practice in the
original development reports of the PLACE [1] and NQLS [12] indexes. The limitation of this approach is that
exposure categories can be data dependent [496–498] and may limit the external validity of study findings.
This potential limitation is addressed by reporting minimum and maximum environmental variable values
used to derive SWI quantile cut-points, which compare well with the small number of studies that have
similarly reported these values [see 112, 207, 499] and support the international relevance of the findings
reported in this thesis. More recently, some studies have started modelling walkability index components
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using non-parametric spline-based smoothing functions to overcome this limitation [42, 237, 500], which
was beyond the computational capacity of the statistical methods employed in this thesis. However, to fully
leverage the potential of this approach, studies will need to shift from exploratory analyses of these poten-
tially non-linear exposure-response relations to identifying the functional form of walkability components that
can be implemented in parametric estimation models.
Chapters 5–7 used data from respondents to the baseline survey of the 45 and Up Study. A potential
limitation of this cohort is that it is not representative of its study base due to a low response rate (18%) [45].
This was also reflected in the sample for this research, which was younger, more highly educated, less likely
to speak a language other than English at home, and more likely to be living with a partner than the Sydney
population aged ≥45 years. While non-response can bias point-prevalence estimates in cohort studies
[487, 488], relative effect measures are generally considered to be representative of the study base [489–
493]. This has been demonstrated for 45 and Up Study estimates, regardless of weighting, providing they
are conditioned on sampling stratification variables [472]. It is also acknowledged that all 45 and Up Study
data used in this thesis were self-reported, although any information bias is unlikely to be a major threat
to research findings as all study outcomes were derived using reliable and validated questions, surveys
and scales, and were coded using standardised national and international epidemiological classifications.
However, the potential for bias arising from excluding subjective perceptions of the built environment cannot
be excluded. Systematic review and primary evidence indicate that perceived and objectively measured
environments represent different constructs that account for unique variance [117, 132], and that either may
moderate or mediate the other [106, 127–132]. Environmental perception data were only available for a
small sub-sample of 45 and Up Study respondents who responded to the second wave of data collection,
and were not available for use in this research. Future studies using 45 and Up should include these
subjective measures where feasible when examining links between objectively measured walkability and
health outcomes.
Another limitation associated with using the 45 and Up Study was that the behavioural context of the physical
activity outcomes used in chapter 5 were not fully aligned with the exposure variable. Walkability indexes like
the SWI are most specific for walking for transport and errands [1, 12]. This was confirmed by the validation
study reported in chapter 4, which found the SWI was strongly associated with the reported prevalence
of walking to work in the 2006 Australian census [44]. The mismatch between walkability and total and
190
8.4. STRENGTHS AND LIMITATIONS
high MVPA outcomes in chapter 5 was a deliberate design choice to assess the specificity of the SWI for
walking, and were expected to be unrelated as both outcomes included moderate- and vigorous-intensity
activities in addition to walking. However, the moderate-intensity walking outcome would have been ideally
limited to walking for utilitarian purposes for contextual consistency with the SWI. This mismatch arose
because the Active Australia Survey [399] used to measure physical activity levels in the 45 and Up Study
[45] differentiates mode and intensity of activities but not purpose. As such, the outcome included walking
for both utilitarian and recreational purposes. The importance of considering behaviour in context is long
established in the walkability literature [5, 57, 58, 73, 207, 454, 467, 640]; however, while the evidence base
is strongest for associations between index-measured walkability and utilitarian walking [2, 35, 81, 89, 115],
there is also evidence for consistent but smaller associations with any walking [2, 11, 57, 80, 81, 89] and
total MVPA [81, 89]. This likely reflects the contribution that active transport makes to total walking, which
can be as high as 50% [404, 405]. For example, Christian et al. [454] reported that associations between
three-item indexes similar to the SWI and transport walking were also observed for total walking >0 and
≥60 minutes per week, although their magnitudes were reduced; no significant associations were observed
between index values and transport or total walking ≥150 minutes per week. This suggests that the likely
effect of the contextual misalignment between walkability and physical activity outcomes in this thesis would
be to bias the magnitudes of associations between walkability and physical activity outcomes towards the
null, especially for moderate-intensity walking. For this reason, it is suggested that future studies examining
walking and other physical activity outcomes within the 45 and Up Study cohort use less specific measures of
the built environment, such as the national liveability indicator sets developed by Giles-Corti and colleagues
[352, 361, 368].
An important limitation of this research was its inability to control for potential bias arising from participant
self-selection into postal areas, which leaves open the possibility of reverse causation. Neighbourhood self-
selection [641, 642] or residential sorting [621] arises when individuals choose to live in neighbourhoods that
support their prior lifestyle preferences, such as physical activity or travel choices [167, 250, 621, 641, 642];
neighbourhood self-selection may also arise through demographic, social and economic influences [643]. A
recent systematic review indicated that self-selection may account for up to half of the built environment’s
effect on physical activity, but that the evidence for its effect on obesity was highly variable [167]. Various
strategies have been identified to control self-selection bias, including longitudinal designs, statistical control
for attitudes and preferences and predictors of neighbourhood selection, and structural equation modelling
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[643]. While none of these were employed in the current research, the longitudinal nature of the 45 and Up
Study provides an opportunity to address this bias through future waves of data collection.
Self-selection bias might also be conceptualised as measurement error whereby neighbourhood preference
is erroneously assessed as uniform at the individual-level leading to over-estimation of some people’s prefer-
ences and under-estimation of others’. Ecological analysis may be potentially helpful in these circumstances
by averaging the error over the spatial unit [644]. Boarnet has alluded to the potential of ecological analysis
to address two-way causality issues in environment-behaviour research because preferences at larger spa-
tial aggregations are more likely to reflect employment opportunities and familial connections than physical
activity and travel choice preferences [641]. However, he does caution that policy insight may be reduced
if resolutions are too gross, such as the US county level used by Ewing et al. [149]. The median land
area of postal areas in this thesis was approximately 1
1,000
of that critiqued by Boarnet, and likely within the
“neighbourhood scale” he recommends for direct policy applicability [641] given their concordance with the
upper limit of buffers used for individual-level research [196, 197]. Levine and colleagues have also noted
the potential of focusing on the “average individual rather than the self-selected householder with distinct
predilections toward transit or pedestrianism” for addressing the issue of self-selection bias when testing the
influence of urban form behaviour [155, p.324], which is consistent with an ecological approach. However,
whether ecological analysis offers a reasonable solution to neighbourhood self-selection will likely depend
on the spatial scale over which self-selection bias operates, which does not appear to have been addressed
in the literature. Given this uncertainty, and the absence of information on respondents’ preferences for the
localities in which they reside in the 45 and Up Study, it is not possible to discount neighbourhood preference
as contributing to some portion of the estimated effect of walkability in this thesis.
While the aggregate population-level approach adopted for this research was a strength, the availability of
only a single spatial unit from the data custodian at which analyses could be undertaken was a limitation.
Any analysis using arbitrary and mutable spatial units is subject to the MAUP, which refers to the depen-
dency of zone-based analyses on the definition of these areal units [208, 209]. The availability of geographic
identifiers only at the postal area level meant the sensitivity of findings to different spatial scales could not
be assessed in this thesis. This is especially relevant to the null findings for walkability and psychosocial
distress, which may indicate that the postal area scale was insufficient to detect an association. Learnihan
and colleagues have reported that individual-level exposure-response relations are sensitive to the spatial
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scale at which walkability is measured; however, they varied the spatial scale of their walkability exposure
(suburb, Census Collection District, and 15 minute walking buffer) relative to a fixed scale for outcomes
(individual-level walking for transport and leisure) [38]. Coffee et al. also reported that individual-level asso-
ciations between walkability and cardiometabolic risk attenuated with increasing network buffer coarseness,
and disappear when buffers are defined using administrative units [140]. Yamada et al. also observed differ-
ing associations between mixed land use and obesity at differing spatial scales, but again, scale of exposure
was varied relative to obesity measured at the individual-level [645]. In contrast, Higgs et al. most recently
reported no differences in the odds ratios for individuals taking a walking, public transport, cycling or driving
transport trip and walkability (or Urban Liveability Index) calculated at the residential address, mesh block,
statistical area 1, suburb or local government area level [361]. These effects are quantitatively different to
the current studies, which measured exposure and outcomes at the same spatial scale. The walkability
outcomes and effect measures used in chapters 4 and 5 are also too dissimilar to draw conclusions on
the influence of moving from the Census Collection District to postal area level on observed associations.
However, Kelly and colleagues published a similar study to chapter 4 that examined associations between
walkability measured using a four-attribute PLACE-NQLS index and prevalence of walking to work at the
block group level in St. Louis City and County [147]. While median spatial unit land area was 2.5 times
larger in this study, odds ratios (OR) for highest versus lowest walkability quartiles when adjusted for socioe-
conomic deprivation (OR=2.98, 1.62–5.49) and percentage of households below the poverty line (OR=2.82,
1.53–5.20) were similar to the same fully adjusted odds ratio comparisons for City of Sydney (OR=2.62,
2.02–3.40) and Sydney Metropolitan Region (OR=3.02, 2.76–3.30). This provides some support for the
stability across finer spatial resolutions of active transport and walkability relations when measured at the
same scale but does not address the mutability of associations reported in this thesis at grossly differing ge-
ographic resolutions, which is likely given MAUP effects reported for other health-related exposure-response
relations [e.g. 646–648].
Spatial analyses reported in this thesis were adjusted for individual-level factors using a two-stage mod-
elling strategy. This is a common approach to adjusting ecological analyses in the epidemiological literature
[442–444] but ideally would be performed in a parsimonious multilevel model that also allowed for complex
functional forms of the walkability components. Developmental versions of multilevel BYM CAR models are
beginning to appear in the methodological literature [e.g. 388]. However, they remain experimental, com-
putationally intensive for large problems, such as those considered here, and are not yet straightforwardly
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implemented in standard statistical software, which precluded their use in this research. It must also be ac-
knowledged that all studies presented in this thesis used ecological methods and cross-sectional research
designs, which necessarily preclude causal inference.
8.5. Future Research
Objective walkability indexes are promoted for their capacity to facilitate comparisons across studies [31, 64];
however, modifications of indexes are often required due to the structure or availability of data [454], which
can potentially contribute to heterogeneity in findings. In addition to improved protocols for environmental
measurement in walkability research [2, 116], the impact of these methodological adaptations on exposure-
response relations requires further research. Chapter 4 found that PLACE-NQLS walkability indexes using
residential density, intersection density, land use mix, with and without retail floor area ratio were comparable
in latent structure and specificity for utilitarian walking. This important finding supports the external validity
of studies that have used abridged walkability indexes [e.g. 40, 112, 113, 175] and the internal validity
of studies that have combined full and abridged indexes across settings [e.g. 174], including systematic
reviews. However, this finding is based on a small subset of Census Collection Districts within the City of
Sydney and should be reproduced in other cities and settings where research groups have access to retail
floor space data to assess its robustness and international relevance. It should also be noted that in this
research the integration of land use planning across local and regional levels was not considered, which
may have important influences on travel behaviours when the location of employment hubs and activity
centres result in transport disadvantage [137, 193, 317]. This may be especially relevant to populations in
western Sydney required to commute into central and eastern Sydney for employment. Future research
should evaluate this possibility using more complex hierarchical models that incorporate multiple levels of
land use planning by nesting local within regional spatial units.
A related research consideration is the comparability of exposure-response relationships across different
walkability indexes. This thesis focused on the PLACE-NQLS walkability indexes [1, 12] because of their
historical and contemporary influence on Australian and International evidence bases, and the availability of
the SWI [36] for the study area. However, these are not the only objective indexes employed in walkability
research. For example, Walk Score® [159] is increasingly utilised as a walkability exposure metric in the
research literature due to its accessibility and coverage [e.g. 142, 143, 184, 188, 539, 649–651]. Greater
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use of objective indexes of walkability is an important step towards improving the comparability of outcomes
across studies [31], but will not reduce heterogeneity in the evidence base if the magnitudes of exposure-
response relations are index dependent. The small number of studies that have directly compared walkability
indexes provide some evidence for the consistency of directional [138, 186, 652] and null [186, 652, 653]
findings but are less consistent on the magnitude of associations [138, 186], and so further research in this
area is required.
This thesis conceptualised walkability as a contextual variable to which groups of individuals (populations)
are exposed. This assumes walkability is homogeneous within spatial units, which is unlikely [13]. Mul-
tilevel models incorporating individual-level walkability is one potential solution to capturing heterogeneity
within spatial units; however, as indicated previously, these models are computationally-intensive, and of-
ten computationally-intractable outside of high performance computing environments [388]. More recently,
global and Australian studies have reported on the use of Gini homogeneity coefficients to index within-
country [654] and within-area [13] behavioural and outcome disparities and their associations with area-
level walkability. This is intuitively appealing and warrants further research, especially for outcomes such as
psychosocial distress where low population prevalence may hide important variation between areas. Ho-
mogeneity metrics might equally be derived for area-level walkability by calculating disparities within larger
zones using nested spatial units or property parcels. For example, Gini coefficients or coefficients of vari-
ation could be calculated for the postal areas used in chapters 5–7 from the nested Census Collection
District walkability scores in chapter 4. These coefficients could be efficiently implemented within the cur-
rent methodology as they would not increase the size or complexity of the spatial model. This would likely
produce useful information for planners that describes both the spatial variation between-areas and dispari-
ties within-areas requiring redress. Greater use of raster data may also be helpful in understanding variation
in walkability across space through the development of continuous walkability surfaces [1]. These represent
potentially important and informative future directions for spatial walkability research.
This research represents one of only a small number of studies that have addressed walkability as a con-
textual influence on population-level prevalence of health behaviours and outcomes. As argued throughout,
this approach has value because it provides evidence at the scale where planning and policy decisions are
made. But what is the appropriate spatial scale for these analyses given the myriad local, urban and regional
scales at which planning and policy decision are made? This is not a unique issue for walkability research,
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and reflects both the MAUP [208, 209] and uncertainty regarding the spatial contexts of health outcomes
and behaviours [213, 273]. Future research that systematically examines matched walkability exposure-
response relations through multiple spatial resolutions is required to identify the sensitivity of associations
reported in this thesis and other ecological studies [e.g. 12, 147] to the choice of analysis units; this may
also identify resolution thresholds above or below which associations are substantively affected. Both Al-
vanides and Openshaw [212] and Diez-Roux [213] have emphasised the importance of a priori theorising
on links between spatial scale and outcomes when selecting the appropriate scale for contextual analysis,
which may not be the same for all health behaviours and outcomes [273]. This suggests future research
should engage with planners and policy makers on the design and use of the most appropriate zones and
spatial resolutions for informing jurisdictional and agency decision making processes [7]. Further research
into spatial dependence between units of analysis may also provide insights into identifying the optimal res-
olutions for ecological and spatial analyses of walkability exposure-response relations, especially given the
levels of spatial autocorrelation reported in this thesis.
The studies reported in this thesis were all cross sectional. This necessarily precludes causal inference.
Systematic reviews of the walkability literature have consistently highlighted the importance of longitudinal
study designs for strengthening evidence of causality [89, 90, 93, 115, 256, 258, 269, 275, 276]. Spa-
tiotemporal research is especially well placed in this respect for assessing the long-term effect of changes in
environmental walkability on population health outcomes at planning and policy-relevant spatial scales. The
BYM CAR model employed in this thesis is easily extended to longitudinal applications via the Bernardinelli
spatiotemporal model [655], although other models are also available [see 656]. A strength of these models
is their capacity for spatiotemporal interactions, which can identify temporal trends at specific locations and
spatially structured temporal trends [324]. Longitudinal spatiotemporal research is likely to be especially
useful for evaluating natural experiments that modify specific locations through infrastructure upgrades and
interventions [e.g. 657–659]. In this regard, the large, population-based 45 and Up Study [45] offers a unique
opportunity to inform local planning and policy [660] through spatiotemporal investigations that further ex-
plore the associations identified in this research by linking outcomes from successive data collection waves
to temporally coincident updates of the SWI. This will also assist in disentangling the potential moderators
and mediators of areal-level associations that could not be explored fully in chapters 6 (high body mass)
and 7 (psychosocial distress).
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The findings of this work also suggest a number of research directions for the health behaviours and out-
comes considered. Future walkability research should give greater consideration to the role of “place” in
study design and analysis, especially for physical activity and high body mass outcomes. While walka-
bility explains a portion of the spatial variation in these outcomes beyond what would be expected due
to individual-factors and area-level socioeconomic disadvantage, important levels of residual variation re-
main, suggesting other place-based influences on moderate-intensity walking, total MVPA, overweight and
obesity. The results for moderate-intensity walking and total MVPA also warrant further research, given
PLACE-NQLS walkability indexes are designed for utilitarian walking [1, 12, 44, 147]. The association for
total MVPA is likely attributable to the high numbers of 45 and Up Study participants that achieved physical
activity guidelines from walking alone, which may also explain similar findings in other individual-level stud-
ies [e.g. 479]. The residual spatial variation in high MVPA, although unrelated to walkability, also requires
further investigation to identify its correlates and their potential to inform planning and policy given these
levels of physical activity may be required to prevent weight gain and some cancers [70]. It is also noted
that physical activity measures used in this thesis were matched to Australian guideline values current at the
time of data collection [402], and that future work should consider the consistency of these findings using
the more recent evidence-based physical activity guidelines for Australians [406].
The large residual spatial fractions for both overweight and obesity in final models including walkability likely
indicate other built environment influences on these outcomes, including availability and access to healthy
food options, greenspace, safe pedestrian environments, and transportation infrastructure; crime rates; and
air and noise pollution [250, 251]. This likelihood supports calls for future research to consider these factors
and exposures concurrently in built environment research [343], including walkability. Further investigation
of why adjusting for physical functioning reverses individual-level associations between high body mass
and psychosocial distress observed in this thesis may also provide important insights into complementary
care for persons with a functional limitation. Anxiety and depression are known to cause weight loss in
older adults [557], and is a plausible explanation warranting further consideration given: (1) the known
association between poorer functional capacity and higher psychosocial distress in the 45 and Up Study
cohort [47, 554, 555], and (2) the specificity of the Kessler Psychological Distress Scale for current affective
disorders at the cut-points used in this thesis. Finally, psychosocial distress was unrelated to walkability
in this research but highly clustered due largely to individual-level factors with a small contribution from
area-level socioeconomic status. Walkability has been proposed as a potential environmental focus for
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community-level mental health planning; however, the evidence base to support this is inconsistent due
to conceptual and methodological heterogeneity. Future research in this area should focus on clarifying
definitions of “mental health” outcomes and applying consistent research methods to facilitate comparisons
between studies. Walkability research addressing mental wellbeing is particularly relevant in this respect,
but was beyond the scope of this thesis as these outcomes were not collected in the baseline 45 and Up
Study questionnaire. A focus on positive mental health aligns with the growing importance placed on mental
wellbeing that promotes self-realisation, resilience, productivity, and engagement in creating community
capital [574, 603]. It is also consistent with recent review evidence linking walking to psychological and
subjective wellbeing [277]. The small amounts of residual spatial variance in psychosocial distress disease
maps may also reflect the provision of mental health services within populations, which could be evaluated
in future studies by calculating service accessibility metrics [e.g. 661–664]. Finally, future spatial studies
should consider evaluating walkability exposure-response relations in other geographical settings, including
rural and remote areas and other cities, and modelling individual environmental variables as correlates
rather than incorporating them into composite indexes, such as the SWI used here.
8.6. Conclusion
The studies that comprise this body of work are distinctive in the walkability literature for their population
focus and spatial approach. The thesis outcomes demonstrate the validity of abridged walkability indexes,
and support their potential to inform urban design and health planning at local area and urban spatial scales
to address population-levels of health-enhancing physical activity and high body mass. The finding that
walkability exposure-response relations manifest at aggregate spatial scales should allay concerns in the
substantive literature about using individual-level walkability evidence to inform population-level action. The
thesis outcomes highlight the utility of spatial analysis to inform walkability research and planning, and indi-
cate that spatial autocorrelation is an inherent feature of built environment research that must be addressed
in the analysis to ensure valid inference. These studies also underscore the potential of disease mapping to
communicate geographically varying risks to key stakeholders, including planners, and the extent to which
these may—or may not in the case of psychosocial distress—be due to environmental factors such as
walkability. Finally, this thesis reaffirms the importance of incorporating “place” in walkability research and
planning to ensure the robustness of both outcomes.
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APPENDIX A
Age distribution of Sydney Respondents to the 45 and Up Study Baseline
Questionnaire by Postal Area
TABLE A.1. Age distribution of Sydney respondents to the 45 and Up Study baseline questionnaire and
2006 estimated resident populations by postal area
Postal area 45 and Up Study 2006 Census
N Min Q1 Median Q3 Max Mean SD Total ≥45
2000 270 45.4 53.9 60.5 71.2 91.0 62.3 10.8 21,386 4,937
2006 4 53.0 56.0 58.0 59.5 60.8 57.5 3.3 1,190 110
2007 52 45.9 53.7 58.2 64.0 90.6 60.2 9.1 5,552 1,015
2008 80 45.8 50.6 54.9 61.4 85.0 57.2 9.2 6,256 1,320
2009 200 45.5 53.8 58.9 66.5 88.3 60.8 9.5 11,310 2,553
2010 377 45.5 51.8 57.1 66.7 92.7 60.2 11.2 24,628 6,603
2011 381 45.2 54.4 61.4 73.1 96.5 64.1 12.2 17,725 6,162
2015 128 45.1 50.0 55.7 61.5 82.3 57.4 8.6 7,046 1,494
2016 194 45.7 50.4 57.5 67.9 92.2 60.0 11.5 11,471 4,129
2017 135 45.1 53.7 62.1 72.0 98.0 63.9 12.1 11,126 3,605
2018 180 45.2 52.0 62.0 74.3 95.6 63.5 12.5 14,019 5,140
2019 133 45.7 51.0 58.4 70.6 89.6 61.5 12.3 9,679 3,633
2020 129 45.1 53.2 60.5 69.0 95.9 62.2 11.5 8,524 3,058
2021 365 45.6 54.5 60.8 67.9 100.5 62.4 10.9 14,181 4,849
2022 289 45.2 55.1 62.1 76.9 94.1 65.3 12.8 10,102 3,753
2023 271 45.2 53.7 60.8 70.9 99.5 63.5 12.2 8,621 3,333
2024 266 45.1 52.2 61.5 71.9 95.1 63.4 12.3 11,341 4,248
2025 247 45.1 55.0 63.8 77.0 92.8 65.3 12.9 6,927 3,026
2026 602 45.5 53.4 60.1 71.6 96.7 63.4 12.0 29,913 8,877
2027 308 45.1 58.5 67.0 80.1 95.9 68.0 12.6 7,990 4,086
2028 141 45.2 55.6 64.9 78.7 94.1 66.5 13.0 3,921 1,596
2029 275 45.6 55.3 62.5 73.5 94.5 64.9 12.1 9,432 3,641
2030 450 45.4 53.9 61.3 75.9 95.5 64.5 12.6 13,210 5,523
2031 737 45.2 51.9 59.3 70.0 92.2 62.1 11.8 30,696 9,784
2032 254 45.7 54.4 62.2 73.8 98.2 64.7 12.5 14,980 5,089
2033 170 45.9 53.4 62.7 74.3 94.8 64.2 12.2 10,860 3,126
2034 446 45.4 53.4 60.5 71.5 95.6 62.8 12.1 18,528 6,025
2035 660 45.2 52.9 62.1 75.4 98.1 64.3 12.9 28,260 11,037
2036 601 45.6 53.5 60.7 72.7 94.4 63.6 12.0 25,041 10,162
2037 400 45.7 52.9 58.7 66.0 93.5 60.8 10.6 13,473 4,614
2038 229 45.3 52.9 57.7 65.4 92.2 59.6 9.4 8,281 2,620
2039 240 45.1 50.6 56.2 62.2 89.0 58.3 9.9 7,713 2,255
2040 495 45.1 50.4 55.9 63.2 92.8 58.3 9.9 19,014 6,331
2041 561 45.2 54.0 59.1 66.5 97.0 60.9 9.6 13,768 5,205
2042 309 45.3 50.6 55.1 62.1 92.8 57.4 9.1 16,286 3,912
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TABLE A.1. Age distribution of Sydney respondents to 45 and Up Study baseline questionnaire by postal
area (cont.)
Postal area 45 and Up Study 2006 Census
N Min Q1 Median Q3 Max Mean SD Total ≥45
2043 86 46.4 48.5 54.7 61.8 84.5 56.7 10.1 6,022 1,269
2044 112 45.9 52.5 57.0 65.8 93.1 61.1 11.6 6,750 2,201
2045 206 45.2 51.7 57.2 67.6 92.1 60.8 12.2 6,588 2,984
2046 632 45.2 52.6 60.2 72.1 96.0 62.8 12.2 24,205 9,681
2047 340 45.3 55.4 62.5 72.3 91.4 64.1 11.9 10,392 4,141
2048 133 46.4 53.2 58.2 66.5 98.1 60.8 10.7 7,147 2,171
2049 234 45.9 51.4 56.9 66.3 94.7 60.3 11.4 10,144 3,489
2050 96 45.4 50.2 55.5 64.3 85.9 58.4 10.1 5,353 1,153
2060 410 45.3 54.6 60.8 71.5 93.4 63.5 11.9 10,815 3,956
2061 171 45.4 57.0 65.3 74.2 91.9 66.1 11.7 5,678 2,414
2062 186 45.5 51.4 59.8 70.4 95.9 62.1 12.2 5,776 2,032
2063 277 45.1 52.5 57.6 69.8 97.9 61.8 12.3 6,038 2,486
2064 243 45.2 51.7 59.9 71.3 95.5 62.5 12.4 9,711 3,075
2065 770 45.2 53.2 60.0 70.6 91.9 62.5 11.7 25,554 8,039
2066 888 45.1 54.2 62.5 74.9 96.7 64.5 12.3 26,164 9,943
2067 558 45.2 55.3 63.5 76.6 96.4 65.9 13.1 22,219 7,733
2068 580 45.5 53.3 60.6 71.8 101.4 63.4 12.3 14,724 5,734
2069 534 45.7 52.4 60.2 70.5 97.4 62.4 12.2 12,189 5,102
2070 529 45.3 53.8 62.4 74.4 95.1 64.7 12.9 10,954 4,625
2071 503 45.1 54.1 62.8 74.2 94.0 64.6 12.4 11,826 5,340
2072 275 45.3 54.1 63.2 74.2 95.8 64.4 12.5 5,983 2,868
2073 667 45.1 53.8 62.0 75.2 98.5 64.4 12.6 14,097 5,959
2074 1,056 45.2 55.5 65.3 78.6 99.1 66.6 12.8 19,807 9,298
2075 868 45.1 55.2 64.8 74.5 98.3 65.4 11.8 17,338 8,066
2076 998 45.2 54.6 62.9 74.7 95.6 64.8 12.1 21,720 9,669
2077 967 45.2 53.7 61.2 72.0 100.4 63.6 12.1 32,289 11,443
2079 247 45.2 52.0 59.7 68.8 94.3 61.6 11.8 6,971 2,493
2080 46 46.7 52.8 65.8 73.5 89.2 64.9 12.3 1,548 592
2081 361 45.2 51.0 56.9 63.0 99.9 58.5 9.7 4,867 1,679
2082 178 45.4 52.9 59.1 66.4 97.9 60.3 9.9 5,180 1,881
2083 112 46.2 53.7 61.4 66.7 89.9 61.6 10.1 1,695 864
2084 258 45.1 52.7 59.2 66.0 91.8 60.1 9.3 3,747 1,654
2085 476 45.1 55.4 64.4 74.6 96.1 65.4 12.1 11,031 5,105
2086 498 45.9 53.8 61.8 70.9 86.9 62.9 10.6 12,564 4,864
2087 469 46.1 54.3 65.1 73.6 93.9 65.0 12.0 11,929 5,159
2088 1,107 45.1 54.7 62.7 74.3 104.7 64.7 12.4 25,612 10,934
2089 349 45.2 56.0 62.7 71.9 93.0 64.4 11.6 9,998 3,278
2090 390 45.2 55.0 60.9 70.8 95.7 63.7 11.9 13,152 5,058
2092 261 46.0 51.5 60.5 70.7 99.3 62.8 12.4 6,358 2,480
2093 742 45.1 53.5 61.5 74.7 95.3 63.8 12.3 19,550 7,357
2094 196 45.8 54.6 62.4 76.1 95.8 64.9 12.4 5,626 2,011
2095 436 45.8 56.5 64.7 74.5 93.1 65.5 11.9 13,961 4,899
2096 373 45.2 53.1 61.3 75.8 100.0 64.1 12.9 13,036 3,973
2097 495 45.1 54.1 62.3 73.7 92.7 64.2 12.1 13,259 5,086
2099 1,020 45.2 53.9 62.7 74.4 96.0 64.5 12.3 34,909 12,793
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TABLE A.1. Age distribution of Sydney respondents to 45 and Up Study baseline questionnaire by postal
area (cont.)
Postal area 45 and Up Study 2006 Census
N Min Q1 Median Q3 Max Mean SD Total ≥45
2100 616 45.5 54.1 62.7 73.9 99.3 64.2 12.0 18,649 7,589
2101 570 45.2 54.6 64.3 75.9 96.6 65.5 12.7 16,316 6,819
2102 158 45.2 55.0 61.0 67.7 85.8 62.2 9.9 4,994 1,775
2103 366 45.2 53.8 62.0 73.2 99.5 64.3 12.9 9,538 4,347
2104 205 45.5 59.0 70.5 81.1 97.2 70.0 13.1 3,087 1,825
2105 74 46.8 53.5 62.2 65.4 79.4 60.9 8.5 1,925 875
2106 371 46.0 53.2 61.0 70.6 91.1 62.6 11.4 8,500 3,539
2107 667 45.2 53.8 61.9 70.2 95.4 63.4 11.6 14,436 6,323
2108 93 46.6 58.9 65.2 72.8 90.8 66.3 10.6 1,714 1,025
2109 1 61.9 61.9 61.9 61.9 61.9 61.9 – 1,752 574
2110 408 45.4 54.5 62.3 78.0 95.4 65.2 12.9 9,832 4,434
2111 429 45.4 53.8 60.6 71.7 94.1 63.1 11.7 13,354 5,306
2112 684 45.0 54.0 62.1 74.9 103.3 64.7 12.5 24,732 9,778
2113 505 45.6 53.1 63.4 75.8 99.5 64.5 12.4 15,869 6,137
2114 514 45.4 52.8 59.6 72.2 95.5 62.9 12.2 19,048 6,826
2115 178 46.1 54.7 61.5 72.5 90.3 64.2 11.4 7,315 2,767
2116 117 45.2 52.7 61.1 73.2 92.6 63.7 12.3 6,601 2,330
2117 449 45.7 53.3 60.9 72.7 94.6 63.6 12.2 18,094 7,257
2118 740 45.6 54.9 62.7 73.2 100.5 64.3 11.7 21,647 8,668
2119 588 45.2 53.8 61.0 71.9 101.6 63.7 11.8 10,713 4,979
2120 784 45.3 54.7 61.2 71.3 101.1 63.4 11.3 19,004 7,691
2121 897 45.2 53.3 61.2 73.2 94.3 63.6 12.0 23,154 9,233
2122 794 45.2 54.2 62.9 77.5 100.5 65.2 12.9 28,478 10,746
2125 585 45.1 52.5 58.5 67.0 96.3 61.3 11.2 15,879 6,555
2126 648 45.3 52.6 59.5 68.8 96.2 61.9 11.5 19,113 7,486
2127 2 49.9 52.0 54.0 56.1 58.2 54.0 5.9 4,906 1,227
2128 16 48.5 50.8 56.2 60.2 79.3 58.4 9.4 968 236
2130 176 45.6 52.5 57.2 62.7 91.2 59.7 10.5 6,144 2,029
2131 362 45.5 51.8 60.5 74.9 96.1 63.6 13.3 21,255 7,529
2132 257 45.7 51.5 59.0 72.3 91.3 62.2 12.2 10,060 4,052
2133 200 46.7 52.5 60.8 71.9 98.4 63.2 12.0 10,452 3,900
2134 196 45.6 55.3 61.4 79.1 94.7 65.4 12.9 11,565 4,065
2135 428 45.6 55.2 64.0 80.2 95.5 66.8 13.6 24,860 9,056
2136 171 45.2 52.4 60.9 73.8 91.3 63.3 12.8 3,582 1,462
2137 579 45.6 53.9 60.9 70.5 94.8 63.0 11.3 20,722 7,928
2138 266 45.2 51.8 57.5 66.7 102.8 60.7 11.6 9,229 3,230
2140 128 45.7 51.1 57.9 74.3 88.6 62.1 12.7 11,226 3,068
2141 294 45.2 52.2 59.2 72.8 90.9 63.0 12.8 23,997 7,883
2142 223 45.4 52.2 58.9 70.4 91.0 62.3 12.3 17,529 5,289
2143 143 45.6 54.6 61.0 76.2 89.7 64.5 12.3 6,757 2,552
2144 272 45.1 53.7 61.5 73.6 96.6 64.4 12.9 29,966 8,027
2145 1,199 45.2 54.2 61.4 70.9 95.7 63.4 11.6 61,244 21,493
2146 434 46.2 54.5 61.8 70.5 93.1 63.2 11.1 16,476 6,279
2147 780 45.3 52.9 59.7 70.8 94.7 62.3 11.2 33,982 12,755
2148 978 45.4 53.9 61.3 71.8 94.4 63.4 11.5 54,296 18,566
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TABLE A.1. Age distribution of Sydney respondents to 45 and Up Study baseline questionnaire by postal
area (cont.)
Postal area 45 and Up Study 2006 Census
N Min Q1 Median Q3 Max Mean SD Total ≥45
2150 220 45.3 52.2 59.3 68.5 95.4 61.9 12.1 24,066 5,731
2151 469 45.3 54.6 61.1 70.2 95.3 63.1 11.6 15,819 5,870
2152 275 45.6 55.5 63.9 75.5 99.5 65.4 12.1 7,602 2,715
2153 1,568 45.0 54.0 60.6 68.0 97.2 61.9 10.4 49,061 18,468
2154 1,229 45.2 53.7 61.2 72.3 97.3 63.7 12.4 35,394 14,474
2155 601 45.2 51.5 57.0 64.7 99.7 59.1 10.0 35,121 8,471
2156 447 46.2 53.7 59.8 66.5 95.7 61.4 10.3 11,919 4,888
2157 195 45.3 53.5 59.3 68.7 94.6 61.4 10.8 3,166 1,285
2158 272 45.5 53.5 61.0 70.2 92.1 62.9 11.2 7,900 3,316
2159 355 46.0 53.5 60.2 69.7 91.6 62.4 11.3 5,106 2,229
2160 462 45.2 53.3 62.4 75.3 100.1 64.4 12.8 30,471 10,034
2161 393 45.7 54.3 62.6 74.0 94.8 64.5 12.3 26,208 8,535
2162 320 45.3 55.7 65.5 78.8 91.6 66.6 12.5 14,871 5,637
2163 126 46.3 53.4 60.4 71.3 90.4 62.8 11.9 11,718 4,566
2164 311 45.6 52.0 59.1 67.2 106.2 60.8 10.9 18,534 7,080
2165 436 45.5 53.7 62.4 71.4 93.0 63.6 11.4 34,204 11,768
2166 558 45.7 54.1 61.8 72.8 96.2 63.9 11.9 47,315 16,375
2167 157 46.1 53.1 57.9 69.8 92.1 61.9 12.2 7,665 2,951
2168 462 45.1 52.3 58.9 68.7 95.1 61.3 11.0 40,216 11,770
2170 1,329 45.1 53.5 60.6 70.9 98.4 62.8 11.5 85,324 28,144
2171 331 45.1 51.3 56.8 63.8 94.2 59.1 10.4 22,128 5,008
2172 0 – – – – – – – 2,105 553
2173 153 45.2 50.0 55.3 62.8 88.7 57.6 9.9 12,977 2,414
2174 2 50.6 58.3 66.0 73.7 81.4 66.0 21.8 79 7
2175 2 48.9 53.2 57.5 61.8 66.1 57.5 12.2 1,816 711
2176 671 45.1 50.5 56.3 64.5 90.9 58.5 9.8 45,766 16,613
2177 154 45.8 51.4 56.9 63.1 87.0 58.8 9.4 15,248 4,779
2178 0 – – – – – – – 3,840 1,435
2179 2 56.9 60.3 63.8 67.2 70.6 63.8 9.7 4,692 1,865
2190 286 45.6 55.0 63.5 75.0 97.9 65.3 12.5 22,463 7,637
2191 98 45.8 53.1 62.2 71.8 91.2 63.5 12.4 5,710 2,210
2192 118 45.5 52.8 60.9 73.6 89.3 63.1 12.1 12,131 4,633
2193 282 45.1 53.0 60.7 74.2 90.9 63.4 12.5 12,967 5,107
2194 234 45.7 54.3 62.4 75.5 93.8 64.7 12.6 21,582 7,400
2195 191 45.2 52.3 59.5 71.4 96.2 62.6 12.3 22,071 5,991
2196 364 45.7 54.4 63.8 76.6 91.6 65.1 12.4 28,644 9,444
2197 157 46.1 52.8 61.6 69.8 91.6 62.7 11.7 7,213 2,704
2198 193 45.6 56.8 62.7 70.8 92.8 64.3 10.9 8,050 3,133
2199 237 45.6 56.0 66.4 80.1 94.0 67.1 13.3 14,877 5,465
2200 457 45.4 53.7 61.5 74.7 95.4 64.2 12.2 37,957 11,949
2203 244 45.6 50.9 55.9 63.9 96.5 59.0 11.1 12,196 4,172
2204 390 45.1 50.1 56.4 65.8 98.6 59.5 11.3 23,770 8,515
2205 190 45.3 52.4 63.0 74.7 94.8 64.1 12.8 14,148 4,765
2206 391 45.1 52.8 62.3 75.0 93.0 64.5 12.8 16,569 7,065
2207 521 45.5 54.1 62.2 75.0 96.2 64.4 12.4 25,252 9,790
Continues on next page
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TABLE A.1. Age distribution of Sydney respondents to 45 and Up Study baseline questionnaire by postal
area (cont.)
Postal area 45 and Up Study 2006 Census
N Min Q1 Median Q3 Max Mean SD Total ≥45
2208 248 46.2 55.5 65.7 79.8 94.5 66.7 12.8 10,691 4,662
2209 370 45.1 55.5 67.2 79.1 101.7 67.0 12.8 13,550 5,773
2210 844 45.1 55.7 64.5 76.0 102.6 65.9 12.1 27,009 12,064
2211 432 45.4 54.5 64.7 77.6 92.2 65.9 12.6 14,482 6,111
2212 327 45.7 55.2 64.0 75.5 94.0 65.5 12.3 13,855 5,672
2213 577 45.2 53.6 62.0 75.1 98.1 64.3 12.3 19,502 7,844
2214 110 46.6 53.2 59.3 64.9 87.0 60.0 8.3 3,878 1,543
2216 367 45.4 54.0 62.1 74.6 92.2 64.3 12.3 23,393 8,525
2217 480 45.3 55.0 64.5 78.0 98.2 66.2 13.1 22,224 8,575
2218 243 45.5 53.0 61.1 72.9 90.9 63.2 12.2 14,576 5,235
2219 415 45.6 55.8 64.6 77.3 100.8 66.4 12.9 11,804 5,595
2220 432 45.7 52.3 60.9 73.5 99.0 63.5 12.7 25,640 8,488
2221 452 45.5 54.5 63.0 76.0 95.7 65.3 12.5 15,251 6,491
2222 274 45.4 53.0 61.4 74.9 94.3 63.9 12.8 10,252 3,793
2223 660 45.7 53.9 62.2 75.5 95.8 64.4 12.3 19,613 7,970
2224 487 45.6 57.3 65.0 75.3 98.9 66.2 11.7 13,211 6,039
2225 199 45.9 52.1 58.8 70.6 96.6 62.4 11.9 4,985 1,955
2226 427 45.4 52.0 59.7 67.8 95.7 61.4 11.1 10,976 4,209
2227 492 45.2 54.0 62.6 73.2 94.3 64.1 11.8 12,951 5,005
2228 496 45.7 55.6 66.5 79.0 95.5 67.0 12.5 16,819 6,822
2229 998 45.1 54.6 63.1 76.9 96.8 65.3 12.5 25,951 11,150
2230 1,712 45.1 53.2 60.4 70.0 93.6 62.3 11.1 26,345 10,584
2231 50 45.4 55.4 64.1 74.6 86.4 64.9 11.6 2,108 745
2232 1,072 45.3 55.2 62.0 71.9 94.2 64.1 11.3 31,619 12,086
2233 932 45.1 53.6 60.3 68.2 95.0 62.0 10.7 28,774 10,726
2234 900 45.4 51.0 55.5 62.4 89.9 57.9 9.3 31,105 10,778
2250 4,150 45.0 53.0 60.8 70.6 98.4 62.5 11.4 63,825 25,727
2251 1,355 45.2 55.1 65.4 77.5 102.4 66.1 12.5 31,445 14,161
2256 644 45.1 55.6 64.7 76.3 95.4 66.1 12.3 14,809 7,597
2257 1,130 45.2 56.3 65.9 77.5 94.2 66.8 11.9 26,803 13,093
2258 316 45.1 51.8 57.3 66.2 85.1 59.3 9.4 4,790 1,670
2259 2,750 45.1 54.5 63.0 70.8 98.8 63.2 10.6 47,908 18,886
2260 843 45.1 54.3 61.1 72.5 96.4 63.7 11.9 20,729 8,583
2261 1,807 45.2 55.7 65.5 76.5 99.2 66.1 12.2 45,823 20,552
2262 639 45.3 55.8 65.2 75.2 95.7 65.6 11.8 18,935 7,146
2263 881 45.1 55.8 65.5 77.1 98.1 66.2 12.3 21,831 10,635
2555 0 – – – – – – – 718 247
2556 1 68.2 68.2 68.2 68.2 68.2 68.2 – 1,719 604
2557 0 – – – – – – – 4,433 1,641
2558 191 46.0 51.3 56.5 62.3 90.3 58.5 9.5 10,953 3,169
2559 23 45.5 52.6 60.8 65.0 79.3 59.7 9.0 3,837 766
2560 2,974 45.1 52.1 58.0 65.4 94.8 59.7 9.6 69,814 22,791
2563 11 50.1 55.4 60.3 70.2 82.2 63.6 11.4 236 93
2564 212 45.5 53.6 60.7 67.7 92.6 61.3 10.5 13,314 4,248
2565 382 46.1 52.9 59.5 68.4 90.8 61.8 11.0 15,217 5,656
Continues on next page
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TABLE A.1. Age distribution of Sydney respondents to 45 and Up Study baseline questionnaire by postal
area (cont.)
Postal area 45 and Up Study 2006 Census
N Min Q1 Median Q3 Max Mean SD Total ≥45
2566 429 45.1 51.4 55.8 63.2 90.1 58.6 10.0 25,023 7,475
2567 521 45.3 51.2 57.1 65.2 91.8 59.2 10.0 30,265 6,790
2568 79 46.7 55.9 63.1 72.2 82.6 63.8 9.7 873 310
2569 79 45.1 53.0 57.1 62.9 86.5 58.8 8.4 1,709 642
2570 1,503 45.2 52.8 58.9 67.0 100.4 61.0 10.6 23,701 9,344
2571 515 45.4 52.6 58.0 64.8 92.7 59.6 9.5 7,499 2,519
2572 206 45.6 51.2 59.0 68.7 95.3 61.4 11.8 4,197 1,496
2573 208 45.6 52.7 61.0 70.6 93.3 62.6 11.6 4,233 1,480
2574 236 45.6 53.6 59.2 67.2 86.3 60.7 9.6 5,621 1,987
2745 857 45.1 50.3 55.9 62.8 89.5 57.8 9.3 24,702 6,390
2747 651 45.3 52.2 57.6 66.8 92.1 60.3 10.2 32,339 10,247
2748 52 46.7 50.5 58.3 65.7 92.5 60.6 12.1 1,910 690
2749 290 45.1 50.7 56.1 63.7 91.4 58.5 9.9 15,875 4,176
2750 1,131 45.2 53.7 59.9 70.0 98.4 62.6 11.4 41,445 15,830
2752 192 45.3 50.1 56.5 64.8 87.8 58.8 10.3 4,471 1,395
2753 788 45.3 53.3 60.4 68.8 94.0 61.8 10.6 15,728 5,683
2754 312 45.9 51.5 56.8 65.1 90.0 59.0 9.3 6,031 2,152
2755 1 52.7 52.7 52.7 52.7 52.7 52.7 – 349 32
2756 1,293 45.1 51.1 57.4 64.8 90.5 59.0 9.6 30,774 9,250
2757 80 45.3 52.7 57.8 65.7 88.2 60.0 10.0 861 379
2758 537 45.1 52.0 58.4 65.7 91.0 60.0 9.7 7,140 2,783
2759 494 45.2 50.2 54.5 60.5 88.3 56.7 8.9 27,419 7,795
2760 421 45.6 54.6 61.0 70.0 90.5 63.2 10.9 24,172 8,628
2761 267 45.5 50.4 56.0 64.8 89.8 58.7 10.2 26,696 6,000
2762 75 45.3 52.6 59.8 67.8 87.6 61.3 11.0 3,908 1,273
2763 408 45.2 50.5 56.2 62.4 88.9 58.1 9.4 28,107 7,106
2765 298 46.3 54.3 60.0 68.8 92.5 62.0 10.5 14,264 5,278
2766 180 45.4 54.2 60.0 67.1 96.5 61.9 10.6 12,800 4,353
2767 261 46.0 51.3 56.7 64.5 91.7 59.2 10.2 18,370 5,875
2768 285 45.3 52.0 56.8 62.4 84.9 58.2 8.6 21,533 5,019
2770 777 45.2 53.3 60.6 67.2 94.1 61.3 9.9 57,253 16,946
2773 295 45.6 52.7 59.0 68.2 98.1 61.3 10.9 5,998 2,363
2774 524 45.4 52.8 58.7 66.8 92.3 61.0 10.5 12,228 4,790
2775 77 47.2 58.1 63.3 67.5 86.5 63.8 8.5 1,555 746
2776 182 45.6 53.2 59.5 67.3 91.0 61.0 10.7 4,335 1,681
2777 769 45.4 54.1 60.8 72.5 100.8 63.7 12.2 17,303 7,108
2778 106 45.1 52.0 57.2 66.8 92.1 60.8 11.3 2,395 907
2779 193 45.7 53.4 60.6 70.4 93.5 62.8 11.7 4,447 1,657
2780 1,023 45.1 54.4 61.0 69.8 92.3 62.4 10.4 12,652 5,853
2782 285 45.7 55.8 62.7 72.6 92.2 64.5 11.0 5,643 2,853
2783 105 45.2 54.6 60.1 72.7 92.2 63.1 11.7 2,419 962
2784 41 46.4 50.6 60.0 67.1 83.7 60.5 11.4 1,238 517
2785 423 45.3 55.8 62.9 68.8 92.4 63.2 10.1 4,345 2,167
2786 87 46.6 56.5 61.9 69.7 83.2 63.0 9.4 1,047 497
2787 2 56.0 57.5 58.9 60.3 61.8 58.9 4.1 543 222
Min Minimum, Q1 Quartile 1, Q3 Quartile 3, Max Maximum, SD Standard deviation
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Sensitivity of High Body Mass Results to Adjustment for Individual-level Total
Moderate and Vigorous Physical Activity
The analysis of high body mass outcomes in chapter 6 did not include individual-level adjustment for par-
ticipation in moderate and vigorous physical activity because it is generally considered a mediator of this
relationship [see 80, 167, 250, 256]. Still, a number of systematic reviews cited in chapter 6 noted that
many studies include participation in physical activity as a covariate, which has the potential to reduced the
likelihood of observing associations between the built environment and high body mass, as well as their
magnitudes [80, 258]. The implication for systematic reviews is a potential reduction in the level of evidence
for an association that can be synthesised from a body of evidence. Chapter 6 initially included a sensitivity
analysis assessing the potential for physical activity to bias the association between walkability and high
body mass outcomes, which was removed to sharpen the focus of the paper, but is included here for its
relevance to the evidence base.
Method
A second set of stage 1 covariate-adjusted expected values was calculated that also conditioned on total
weekly minutes of moderate and vigorous-intensity physical activity, which were coded into four categories:
0, 1–149, 150–299 and ≥300 minutes. These “sensitivity offsets” were then substituted into overweight
and obesity model 5, and their resulting parameter estimates compared to those reported in Tables 6.3
(overweight) and 6.4 (obese).
Results
For persons participating in 0, 1–149, 150–299 and ≥300 minutes of moderate or vigorous intensity physical
activity per week, the prevalence of overweight was 50.9%, 52.1%, 50.5% and 47.7%, and for obesity
50.1%, 42.8%, 36.2% and 28.5%. Individual-level models used to derive sensitivity offsets are reported
in Table B.1, indicated that the odds of overweight were reduced by 0.98 (0.91–1.06), 0.90 (0.84–0.98)
and 0.84 (0.78–0.90), and for obesity by 0.75 (0.69–0.82), 0.60 (0.55–0.65) and 0.47 (0.43–0.51) among
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persons undertaking 1–149, 150–299 and ≥300 minutes of physical activity per week compared to persons
undertaking none.
TABLE B.1. Adjusted fixed-effects odds ratios for overweight and obese body mass from sensitivity models
including adjustment for individual-level total physical activity
Overweight Obese
OR 95% CI OR 95% CI
Sex p<0.0001 p<0.0001
Male 1.00 1.00
Female 0.47 0.46–0.49 0.63 0.60–0.66
Age p<0.0001 p<0.0001
45–49 1.00 1.00
50–54 1.00 0.95–1.06 0.95 0.89–1.01
55–59 1.07 1.02–1.13 0.91 0.85–0.97
60–64 1.09 1.02–1.15 0.77 0.71–0.83
65–69 1.00 0.93–1.07 0.60 0.54–0.65
70–74 0.87 0.81–0.95 0.39 0.35–0.43
75–79 0.65 0.60–0.71 0.23 0.20–0.25
80–84 0.49 0.45–0.53 0.12 0.10–0.13
85+ 0.31 0.27–0.34 0.06 0.05–0.07
Language spoken at home p<0.0001 p<0.0001
English 1.00 1.00
Other 0.80 0.78–0.83 0.70 0.66–0.74
Education level p<0.0001 p<0.0001
Less than secondary school 1.51 1.41–1.61 2.35 2.17–2.54
Secondary school graduation 1.34 1.29–1.40 1.73 1.64–1.83
Trade, certificate or diploma 1.27 1.22–1.32 1.54 1.46–1.62
University degree 1.00 1.00
Relationship status p<0.0001 p=0.1807
Partner 1.00 1.00
No partner 0.89 0.86–0.92 0.97 0.92–1.01
Employment status p<0.0001 p<0.0001
Full-time work 1.00 1.00
Part-time work 0.75 0.72–0.79 0.62 0.59–0.67
Other work 0.73 0.64–0.84 0.64 0.54–0.75
Not working 0.79 0.76–0.83 0.69 0.65–0.74
Health insurance type p<0.0001 p<0.0001
Private with extras 1.00 1.00
Private without extras 0.90 0.86–0.94 0.83 0.78–0.88
Government health care card 0.94 0.89–0.99 1.01 0.95–1.08
None 0.91 0.86–0.95 0.98 0.92–1.04
Smoking status p<0.0001 p<0.0001
Never smoked 1.00 1.00
Past smoker 1.17 1.13–1.21 1.30 1.24–1.35
Current smoker 0.78 0.73–0.83 0.71 0.66–0.77
Continues on next page
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TABLE B.1. Adjusted fixed-effects odds ratios for overweight and obese body mass from sensitivity models
including adjustment for individual-level total physical activity (cont.)
Overweight Obese
OR 95% CI OR 95% CI
Psychosocial distress p<0.0001 p<0.0001
Low 1.00 1.00
Moderate 0.94 0.90–0.98 0.90 0.85–0.95
High 0.87 0.81–0.94 0.80 0.73–0.87
Very high 0.81 0.73–0.91 0.83 0.74–0.94
Diagnosed chronic conditions p<0.0001 p<0.0001
0 1.00 1.00
1 1.19 1.15–1.24 1.58 1.50–1.66
2 1.35 1.29–1.41 2.14 2.01–2.27
3 or more 1.48 1.37–1.60 2.66 2.44–2.91
Treated chronic conditions p<0.0001 p<0.0001
0 1.00 1.00
1 1.22 1.18–1.27 1.48 1.41–1.55
2 1.38 1.31–1.45 1.88 1.76–2.00
3 or more 1.56 1.45–1.69 2.45 2.25–2.68
Limited physical functioning p<0.0001 p<0.0001
None 1.00 1.00
Minor 1.35 1.30–1.40 2.07 1.96–2.18
Moderate 1.56 1.49–1.63 3.58 3.38–3.80
Severe 1.55 1.46–1.64 4.57 4.27–4.90
Total weekly physical activity p<0.0001 p<0.0001
0 minutes 1.00 1.00
1–149 minutes 0.98 0.91–1.06 0.75 0.69–0.82
150–299 minutes 0.90 0.84–0.98 0.60 0.55–0.65
≥300 minutes 0.84 0.78–0.90 0.47 0.43–0.51
OR Odds ratio, CI Confidence interval
Refitting Model 5 using physical activity sensitivity offsets did not affect walkability point estimates or credible
intervals for either outcome, which matched exactly those reported in Tables 6.3 and 6.4. Spatial fractions
for the sensitivity models were also very similar to Model 5, and attributed 65.6% and 95.5% of residual
variance in overweight and obesity prevalence to unobserved spatial factors. The DIC and pD values were
2.39 and 0.62 for overweight, and 5.68 and 3.89 for obesity, indicating slightly improved fits for the sensitivity
models.
Implications
Although fully-adjusted sensitivity models had slightly improved fits over fully adjusted standard models in
chapter 6, parameter estimates for associations between walkability and high body mass were unaffected.
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This finding provides no support for concerns in the literature that synthesised estimates of effect for asso-
ciations between walkability and high body mass outcomes may be artificially attenuated by inappropriate
control for physical activity in the analyses of studies from which these estimates are derived [80, 258].
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An objective index of walkability for research and
planning in the Sydney Metropolitan Region of
New South Wales, Australia: an ecological study
Darren J Mayne1,2,3*, Geoffrey G Morgan4,5, Alan Willmore6, Nectarios Rose7, Bin Jalaludin8,9,
Hilary Bambrick10,11 and Adrian Bauman1
Abstract
Background: Walkability describes the capacity of the built environment to support walking for various purposes.
This paper describes the construction and validation of two objective walkability indexes for Sydney, Australia.
Methods: Walkability indexes using residential density, intersection density, land use mix, with and without retail
floor area ratio were calculated for 5,858 Sydney Census Collection Districts in a geographical information system.
Associations between variables were evaluated using Spearman’s rho (ρ). Internal consistency and factor structure of
indexes were estimated with Cronbach’s alpha and principal components analysis; convergent and predictive validity
were measured using weighted kappa (κw) and by comparison with reported walking to work at the 2006 Australian
Census using logistic regression. Spatial variation in walkability was assessed using choropleth maps and Moran’s I.
Results: A three-attribute abridged Sydney Walkability Index comprising residential density, intersection density and land
use mix was constructed for all Sydney as retail floor area was only available for 5.3% of Census Collection Districts. A
four-attribute full index including retail floor area ratio was calculated for 263 Census Collection Districts in the Sydney
Central Business District. Abridged and full walkability index scores for these 263 areas were strongly correlated (ρ=0.93)
and there was good agreement between walkability quartiles (κw=0.73). Internal consistency ranged from 0.60 to 0.71,
and all index variables loaded highly on a single factor. The percentage of employed persons who walked to work in-
creased with increasing walkability: 3.0% in low income-low walkability areas versus 7.9% in low income-high walkability
areas; and 2.1% in high income-low walkability areas versus 11% in high income-high walkability areas. The adjusted
odds of walking to work were 1.05 (0.96–1.15), 1.58 (1.45–1.71) and 3.02 (2.76–3.30) times higher in medium, high and
very high compared to low walkability areas. Associations were similar for full and abridged indexes.
Conclusions: The abridged Sydney Walkability Index has predictive validity for utilitarian walking, will inform urban
planning in Sydney, and will be used as an objective measure of neighbourhood walkability in a large population
cohort. Abridged walkability indexes may be useful in settings where retail floor area data are unavailable.
Background
Walkability describes the capacity of built environments
to support walking for multiple purposes [1] including
utilitarian purposes such as walking for transport [2].
Active transport may contribute to environmental health,
as well as to a population’s total daily physical activity
[3-6]. Increasing local opportunities for transport-related
walking through strategic land development and use is
also a cornerstone of transport and urban policies, such as
the Sydney Metropolitan Strategy [7]. This strategy focuses
on the next two decades of urban development in Sydney,
Australia, and identifies the need to design new urban
growth to support active walking and cycling [7].
Walking for utilitarian purposes is associated with the
built environment attributes of proximity of destinations,
mixed land use, connectivity and population density
[2,5,8-10]. Proximity and land use mix are inter-related
planning and urban design constructs. Proximity describes
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the distance between different land uses, such as employ-
ment, retail and residential, and is defined by two variables:
density and land use mix [5]. Density refers to the concen-
tration of land uses within physical space and land use
mix describes variation in the patterning of co-located
land uses. Neighbourhoods that are compact and have
heterogeneous land use encourage walking by reducing
the distance between origins and destinations [1,5], while
higher population densities provide the critical mass to
support a range of destinations within a small area [2].
Connectivity describes the directness of walking routes
between origins and destinations using street and pedes-
trian networks and infrastructure, and has a direct effect
on proximity [5]. Connectivity is maximised by traditional
grid-based networks as they provide more direct and
greater choice of routes resulting in more proximal
residential and non-residential destinations [2].
Objective measurement of the built environment is
increasingly undertaken within geographical information
systems (GIS) using spatial data [2] to derive composite
measures that characterise the walking typology of geo-
graphic areas [1,11,12]. These composite walkability indexes
are used to capture the natural co-variation between built
environment variables, address multicollinearity issues in
statistical models, and facilitate communication of results
[2]. They also have a number of benefits over perceived
walkability self-report measures. Objective measures
have smaller measurement errors, can be compared across
studies and are easier to translate into health and planning
policy [13,14]. Indexes derived using GIS may also be
retrospectively applied to historical data.
Two frequently utilised GIS indexes are the South
Australian Physical Activity in Localities and Community
Environments (PLACE) study [1] and North American
Neighbourhood Quality of Life Study (NQLS) [12] walk-
ability indexes. These indexes use GIS to operationalise four
built environment variables: net residential density; street
connectivity; land-use mix; and net retail area (a measure of
pedestrian friendliness). The raw scores for each variable
are standardised using either deciles [1] or Z scores [12],
which are summed to give a total score for each spatial
unit and then divided into quartiles corresponding to low
(quartile 1) through high (quartile 4) walkability. Both
the PLACE and NQLS indexes have high specificity for
utilitarian walking; correlate with health outcomes and
behaviours; have demonstrated construct validity; can
be calculated for areas; and are the basis for a growing body
of walkability research in Australia and internationally
[12,15-20]. The use of these four-attribute indexes is often
limited though by the availability of retail floor space data,
which is difficult to source [1,12] and frequently unavailable
[21] for index construction. Applications of abridged
indexes that exclude retail floor area ratio may allow greater
use of walkability indexes in research [22-25]; however,
research on the comparability of associations between
three and four-attribute indexes and domain-relevant
outcomes is required, especially if evidence is to be synthe-
sised across studies using full and abridged indexes.
The strategic and research aims of developing a Sydney
Walkability Index (SWI) were to influence urban planning
through the Sydney Metropolitan Strategy [7]; using the
Sydney Walkability Index will enable planners to assess and
measure the walkability of existing and developing built
infrastructure. In addition, the Sydney Walkability Index
was developed concurrently with the baseline recruitment
of a large population-based cohort of older adults, the 45
and Up Study, comprising 267,000 persons aged 45 years
and over and living in New South Wales (NSW), Australia
[26]. Two thirds of this cohort are resident in Sydney, and
future work by our group will compare the walkability
index described in this paper with self-report environmen-
tal attributes, derived from the PANES questionnaire [27],
and examined in relation to weight change, physical activ-
ity change and morbidity and mortality measures collected
in the 45 and Up Study and its three year follow up (SEEF
study) [27,28].
The primary research aims of this paper are to: compare
two forms of a Sydney Walkability Index with three and
four environmental attributes; examine the validity of a
three-attribute Sydney Walkability Index as a measure of
walkability when retail floor space data for a four-attribute
index are not available; and examine the relationship of the
Sydney Walkability Index to regional rates of active travel
assessed through reported walking to work in the 2006 na-
tional Census. A secondary aim of the paper is to describe
the spatial patterning of walkability across the Sydney
Metropolitan Region using the Sydney Walkability Index.
Methods
Study area
The Sydney Walkability Index was based on the Sydney
Metropolitan Region of Australia, which covers an area
of 3685 km2 and had a population 3.7 million in 2006
[29]. Walkability indexes were also calculated for the
Sydney central business district (City of Sydney local
government area), which had 156,521 residents in 2006
and a land area of 26.7 km2 [29].
Index construction
The Sydney Walkability Index was based on the PLACE
index [1], which was selected because it forms the basis
of a growing body of walkability research. Index values
were calculated for 2006 Australian Census Collection
Districts and temporally referenced to calendar year
2007 to coincide with the midpoint of the baseline data
collection of the NSW 45 and Up Study [26]. Census
Collection Districts are the smallest statistical output areas
used to report demographic data from the 2006 Australian
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Census of Population and Housing, and aggregate up to
larger administrative units such as postcodes and local
government areas [30]. There were 5,858 inhabited Census
Collection Districts in the Sydney Metropolitan Region in
2006, with a median land area of 0.2 km2, 200 residential
dwellings and 550 residents.
Walkability was initially operationalised as a composite
of four environmental attributes:
a. Residential dwelling density—the number of
residential dwellings per square kilometre of
residential land use
b. Intersection density—the number of intersections
with three or more road junctures per square
kilometre of total land area
c. Land use mix—the entropy of five land use classes
(residential, commercial, industrial, recreational and
other uses) divided by the ratio of each Census
Collection District’s land area to the smallest
(1,752 m2) in the study region to adjust for
differences in the size of spatial units [17]
d. Retail floor area ratio—the amount of retail floor
area in square metres divided by the total amount of
commercial land use in square metres
Residential dwelling density, street network connectivity
and land use mix characterise urban design, density and
diversity, while retail floor area ratio is indicative of
pedestrian-orientated design [12]. These attributes have
been consistently associated with walking behaviour in the
research literature, especially for utilitarian purposes [2,18].
Environmental attribute variables were calculated using
geographic and spatial information systems for each Census
Collection District using digital boundaries from the
Australian Bureau of Statistics [30]. Data describing resi-
dential dwelling locations were obtained from a local utility
provider; land use from the New South Wales Department
of Planning and Infrastructure; road centrelines from
the New South Wales Department of Land and Property
Information; and retail floor area from the Property Council
of Australia and City of Sydney council. The distribution
of each environmental variable was divided into deciles,
scored from 1 (lowest) to 10 (highest), and the scores
summed to give a total walkability index score. The Sydney
Walkability Index was then split into quartiles to reflect
low, medium, high or very high walkability. Associations
between area-level characteristics, environmental variables
and Sydney Walkability Index scores were assessed using
Spearman’s rank-order correlation coefficient (ρ) as variable
distributions were highly skewed.
The fourth attribute, retail floor space, was only available
for the central business district [31]. We therefore calcu-
lated two walkability indexes: a full four-attribute walkabil-
ity index only for the City of Sydney comprising residential
dwelling density, intersection density, land use mix, and
retail floor area ratio; and an abridged three-attribute
index for both City of Sydney and the entire Sydney
Metropolitan Region that excluded retail floor area ratio.
Index validity and reliability
The convergent validity of the abridged index to the full
index was assessed using the 263 City of Sydney Census
Collection Districts. The square of Spearman’s rank order
correlation coefficient (ρ) was used to calculate the
proportion of variance in the full index score that was
retained by the abridged index, and whether this was
higher than the 75% expected a priori given the abridged
index used three of the four variables of the full index.
Weighted kappa (κw) was used to assess agreement be-
tween walkability quartiles assigned to Census Collection
Districts by the abridged and full indexes.
Cronbach’s alpha was used to assess the internal
consistency of the full and abridged Sydney Walkability
Indexes. Principal components analysis was used to evalu-
ate the latent variable structure of indexes calculated for
the City of Sydney and Sydney Metropolitan Region areas.
Analysis was performed using the Spearman correlation
matrix of environmental variables for each index. Ei-
genvalues greater than 1 were used to select the num-
ber of retained components and pattern values greater
than 0.3 were used to identify items loading on extracted
components.
The predictive validity of the full and abridged indexes
for utilitarian walking was evaluated using data on the
number of people reporting walking entirely to work
(i.e. using active transport) at the 2006 Australian Census
[29]. Data for employed adults 16 years and over within
each Census Collection District that walked entirely to work
on the 2006 Census day were summarised by abridged
walkability index score decile and also by abridged walk-
ability quartiles stratified by median household income
to control for the inverse association between walkability
and socioeconomic status [32] and for consistency with
previous index validation studies [12]. Logistic regression
was also used to assess the independent effect of walkability
on the likelihood of walking to work above that attributable
to age, sex, socioeconomic status and population density
[15,18,19]. The odds of walking to work in medium, high
and very high walkability areas were estimated relative
to low walkability areas after adjusting for area-level
median household income, percentage working popula-
tion male, percentage working population aged 16–24,
25–34, 45–54, 55–64 and ≥65 years, and population dens-
ity per square kilometre. This analysis was undertaken for
the entire Sydney Metropolitan Region using the abridged
index, and for City of Sydney using both full and abridged
indexes. Only the prevalence of walking entirely to work
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could be estimated because mixed mode trips involving
walking are not reported in the Census.
Walkability patterning
Choropleth maps were used descriptively to display geo-
graphic variation in the distribution of walkability and
component environmental variables for the entire Sydney
region using the abridged walkability index. Evidence of
clustering in walkability maps was assessed using Moran’s
I, a global measure of spatial autocorrelation that indicates
the extent to which areas with similar attribute values
are co-located in space [33]. A Moran’s I of 0 indicates
the absence of spatial patterning, while values greater
than 0 indicate clustering of areas with similar attribute
scores and values less than 0 indicate clustering of areas
with dissimilar attribute scores.
Non-spatial statistical analyses were performed using
SAS 9.2 software, an alpha level of 0.05 and two-tailed
significance tests. Geo-processing, mapping and spatial
statistical analysis were undertaken in FME 2010 SP4
and ArcGIS Desktop 9.3.1 software packages.
Results
Index construction
Environmental data provided sufficient coverage and reso-
lution for the calculation of the three-attribute abridged
Sydney Walkability Index for all 5,858 inhabited Census
Collection Districts in the Sydney Metropolitan Region. A
retail floor area ratio indicator and full walkability index
were also calculated for the 263 of 311 (84.6%) inhabited
City of Sydney Census Collection Districts.
Item correlations, internal consistency and
principal components
The upper and lower diagonals of Table 1 show correlations
between population density, built environment indicators,
and walkability indexes for Census Collection Districts
in City of Sydney and Sydney Metropolitan Region areas,
respectively. Medium to large correlations (range: 0.41 to
0.76) were observed between population density and all
environmental indicators except retail floor area ratio,
which were unrelated. Medium to large associations were
also observed between land use mix, residential dwelling
density and retail floor area ratio (range: 0.33 to 0.66). All
environmental variables were highly correlated with full
and abridged walkability index scores but were strongest
for residential dwelling density and land use mix in City
of Sydney and for residential dwelling and intersection
density in Sydney Metropolitan Region. Large correlations
with full walkability index scores were observed for all
built environment indicators (range: 0.58 to 0.89) but were
on average 10% higher for Sydney Metropolitan Region
compared to City of Sydney local government area except
for land use mix, which was 13% lower.
Internal consistency as assessed by Cronbach’s alpha
was 0.60 for both the full and abridged City of Sydney
indexes and 0.71 for the abridged Sydney Walkability
Index. Principal components analysis extracted a single
component for each walkability index, which explained
46.3, 62.4 and 64.2 per cent of the variability in City of
Sydney full, City of Sydney abridged and Sydney Walkabil-
ity Index environmental variables, respectively. Table 2
shows the pattern loadings for environmental variables on
each index component.
Convergent validity
The abridged and full walkability index scores for City of
Sydney Census Collection Districts were highly correlated.
The abridged index explained 87% of the variability in the
full index score, significantly more than the 75% expected
a priori (p < 0.0001, see Table 1). There was also good
agreement between the walkability classifications assigned
to each district by the two indexes, especially for low and
high quartiles. The weighted kappa coefficient for their
cross classification was 0.74 (95% CI 0.69–0.79), and all
districts were assigned a walkability quartile by the
abridged index within one category of that assigned by the
full index.
Table 1 Spearman’s rho correlations between population density, environmental variables and walkability indexes
Population
density
Residential
dwelling density
Intersection
density
Land
use mix
Retail floor
area ratio
Full
index score
Abridged
index score
Population density 1.00 0.76† 0.41† 0.42† 0.00 0.58† 0.70†
Residential dwelling density 0.82† 1.00 0.23† 0.51† 0.16* 0.70† 0.78†
Intersection density 0.77† 0.66† 1.00 0.26† 0.14* 0.60† 0.66†
Land use mix 0.24† 0.44† 0.26† 1.00 0.33† 0.78† 0.79†
Retail floor area ratio – – – – 1.00 0.59† 0.28†
Full index score – – – – – 1.00 0.93†
Abridged index score 0.76† 0.89† 0.80† 0.69† – – 1.00
Upper diagonal shows data for the 263 City of Sydney Census Collection Districts and lower diagonal shows data for the 5,585 Sydney Metropolitan Region
Census Collection Districts.
*p < 0.05, †p < 0.0001.
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Predictive validity
The grey bars in Figure 1 show the relationship between
decile of abridged walkability score and prevalence of
reporting walking to work at the 2006 Australian Census
for the entire Sydney Metropolitan Region. The percentage
of employed persons who walked to work increased with
increasing area-level walkability. The magnitude of the
increase was small until the sixth decile, after which
increases in prevalence became more pronounced for
each successive increase in area-level walkability. We
initially considered that this threshold effect may be
due to the inclusion of a high number of relatively low
density spatial units in the index construction. However,
an almost identical profile was obtained when index
construction was limited to Census Collection Districts
with population densities ≥200 persons per square kilo-
metre as suggested by Leslie et al. (represented by the
line series in Figure 1) [1].
Figure 2 shows the prevalence of walking entirely to
work in the Sydney Metropolitan Region for the lowest
and highest abridged walkability quartiles stratified by
area-level median household income. For both low income
and high income strata the percentage of people who
walked to work is higher in high walkability areas compared
to low walkability areas, although the prevalence ratio (PR)
was twice as high in high income (PR = 5.2) areas compared
to low income areas (PR = 2.6). Prevalence of walking to
work in high income-high walkability areas was 3.1 per-
centage points higher than in low income-high walkability
areas but just under one percentage point (0.9%) higher
in low income-low walkability areas compared to high
income-low walkability areas.
Odds ratios for walking to work for the entire Sydney
Metropolitan Region by abridged walkability quartiles are
reported in Table 3. The unadjusted odds of walking to
work increased significantly with increasing walkability
χ23 ¼ 3241:37; p < 0:0001
 
and were 5.75 times higher in
high walkability areas compared to low walkability areas.
Adjusting for demographic and socioeconomic covariates
attenuated odds ratios; however, the odds of walking to
work were still three times higher for high compared to
low walkability areas, and the strong exposure-response
relationship between walkability and prevalence of walk-
ing to work remained highly statistically significant χ23 ¼

861:47; p < 0:0001Þ . Table 4 shows the results of this
analysis replicated for the 263 City of Sydney Census
Collection Districts for which both full and abridged
walkability indexes were available to assess any add-
itional explanatory power of the full index. Adjusted
parameter estimates for this comparative analysis were
very similar, with full index effect sizes just 1–10% higher
than abridged index associations and comparable exposure-
response relationships.
Walkability patterning
The geographic distribution of abridged Sydney Walkability
Index quartiles for the Sydney Metropolitan Region is
shown in Figure 3. Abridged index scores were strongly
associated with residential density and displayed a clear
east–west gradient (see Table 1), as did index component
environmental variable scores (not shown). High walkability
Table 2 Pattern loadings for full and abridged
walkability indexes
Full index Abridged index
City
of Sydney
City
of Sydney
Sydney
walkability index
(n = 263) (n = 263) (n = 5858)
Residential dwelling
density
0.75 0.81 0.90
Intersection density 0.56 0.59 0.82
Land use mix 0.82 0.82 0.66
Retail floor area ratio 0.55 – –
Figure 1 Prevalence of walking to work in Sydney Metropolitan Region by Sydney Walkability Index score decile.
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was most concentrated in eastern and central Sydney with
progressively lower levels in western and outer suburbs
where the population is sparser. Stippled areas indicate the
32 uninhabited, non-residential Census Collection Districts
excluded from calculations. Moran’s I for the map in
Figure 1 was 0.73 (Z = 93.47, p < 0.0001), which indicates
walkability is highly clustered with areas of similar walk-
ability more likely to be proximal than distal.
Discussion
This study validated a walkability index for Sydney that
was comparable to the PLACE index frequently used for
walkability research [1]. The PLACE index combines four
built environment attributes associated with walking for
utilitarian purposes: residential dwelling density, intersec-
tion density, land use mix, and retail floor area ratio. A
limitation of this and similar four-attribute indexes is that
floor space data are frequently unavailable to calculate
retail floor area ratio [21]. This was the case in the current
study for which floor space data were only available for
a part of the study region. We therefore tested a three-
attribute abridged index and found it to have similar
measurement properties to a full index. This has inter-
national implications because retail floor area data are
often difficult to source [1,12] or unavailable [21] for index
construction and applications of abridged indexes that
exclude retail floor area ratio may allow for greater use
of walkability indexes in research [22-25].
The innovative observation in this study was that the
abridged walkability index retained 87% of the variability
in the full index, assigned all analysis units to within one
walkability quartile of the full index, and found associations
of similar magnitude to the full index between walkability
and prevalence of walking to work after adjusting for
demographic and socioeconomic confounders. Thus, in
the absence of retail floor space data, an abridged index
comprising residential dwelling density, intersection density
and land use mix only may be used to characterise
walkability. This would be advantageous in the many
global locations where retail floor space data are not
available [21]. We recommend researchers with data on
the four walkability components in only a subset of spatial
units also compare three and four-attribute indexes to
further validate this finding.
Principal component analysis of the abridged Sydney
Walkability Index attributes extracted a single component
with high loadings for all attributes; similar component
structures and loadings were also observed for City of
Figure 2 Prevalence of walking to work by walkability and median household income in Sydney Metropolitan Region.
Table 3 Associations between area-level walkability and prevalence of walking to work in Sydney Metropolitan
Region (n = 5,585)
Frequencies Unadjusted Adjusted*
Walked to work Employed Percent Odds ratio 95% confidence
interval
Odds ratio 95% confidence
interval
Walking category
Low 10068 434391 2.3 1.00 1.00
Medium 9143 350333 2.6 1.13 1.03–1.24 1.05 0.96–1.15
High 17486 378057 4.6 2.04 1.88–2.22 1.58 1.45–1.71
Very high 37224 310277 12.0 5.75 5.33–6.20 3.02 2.76–3.30
*Adjusted for population density and area-level median household income, percentage working population male, and percentage working population aged
16–24, 25–34, 45–54, 55–64 and ≥65 years.
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Sydney full and abridged indexes. This appears to be the
first time that a latent variable structure of a PLACE/
NQLS index has been described, and supports the validity
of the Sydney Walkability Index as a cohesive measure of
walkability. Internal consistency of the abridged Sydney
Walkability Index is also acceptable for research purposes
[34], especially given the small number of items included
in the index [35].
These results demonstrate the feasibility of a Sydney
Walkability Index, the utility of a three-attribute derived
index, and a consistent relationship between walkability
and walking to work that is only partially moderated by
socioeconomic status. Walking to work increased mono-
tonically with increasing abridged walkability index score
decile, and was higher for high walkability areas compared
to low walkability areas in both lower and higher income
areas. These findings concur with NQLS index validation
outcomes that found increasing walk trips with increasing
decile of walkability, and more walking in high versus
low walkability areas for both high and low income
strata [12], providing additional support for the validity
of the abridged Sydney Walkability Index.
Although the prevalence of walking to work in the
Sydney Metropolitan Region increased with increasing
walkability decile, this association was more pronounced at
the upper deciles of walkability. Excluding low population
density Census Collection Districts as suggested by Leslie
et al. [1] did not alter this trend, and may indicate homo-
geneity in the distribution of urban sprawl outside the
inner city area. This is consistent with the adjusted odds
for walking to work, which were significantly higher for
high and very high walkability areas compared to low
walkability areas, but similar for medium compared to low
walkability areas. Further study into possible walkability
threshold effects may provide useful information for
planning and policy interventions to improve built envi-
ronments to support walking.
Visualisation of choropleth maps indicated consistent
patterns of clustering across the study area for Sydney
Walkability Index scores and its component environmental
variables. This was supported by correlation analyses that
indicated all variables were strongly associated with one
another. High residential density, street connectivity and
land use mix were concentrated in the central, eastern
and north Sydney areas, and decreased along an east–west
gradient to a ring of low walkability areas on the outer
fringes of the Sydney Metropolitan Region. This pattern-
ing is consistent with the spatial distribution of population
density and socioeconomic disadvantage in the study
area [36], and highlights the planning potential of the
Sydney Walkability Index to target walkability infrastruc-
ture upgrade and development initiatives in the Sydney
Metropolitan Region.
Understanding the features of the built environment that
facilitate or constrain walking is important for research,
planning and policy aimed at increasing the proportion of
adults who attain recommended levels of physical activity
[5]. Linking the Sydney Walkability Index to land use
and transport planning strategies such as the Sydney
Metropolitan strategy [7] has the potential to create more
walkable communities, and have a greater population
impact on reducing physical inactivity than individual-level
interventions [5,37].
Spatially referenced objective walkability measures such
as the one constructed here may also be linked to existing
administrative or epidemiological data collections with
location information to add both research and policy
value. For example, the Sydney Walkability Index is being
used in the 45 and Up study to profile the independent
health effects of environmental factors such as walkability,
to compare with self-report (PANES) items, and to assess
changes in activity behaviours when mid to older aged
adults change residence [26,38]. From the Sydney urban
planning perspective, objective indexes of the built environ-
ment could also be used to monitor, inform and evaluate
policy through desktop simulations of proposed develop-
ments for walkability based on their urban design features,
identify “best buy” areas for infrastructure upgrades and
residential development to maximise active transport use,
and monitor changes in the walkability of geographical
areas over time and following environmental interventions
[1,39]. In this regard, the Sydney Walkability Index provides
Table 4 Comparison of adjusted associations between prevalence of walking to work and area-level walkability for full
and abridged indexes (n = 263)
Full walkability index Abridged walkability index Difference in
odds ratios (%)Adjusted* odds ratio 95% confidence interval Adjusted* odds ratio 95% confidence interval
Walking category
Low 1.00 1.00
Medium 1.57 1.24–1.98 1.43 1.13–1.81 9.9
High 2.11 1.65–2.68 2.01 1.59–2.55 4.6
Very high 2.64 2.07–3.38 2.62 2.02–3.40 0.8
*Adjusted for population density and area-level median household income, percentage working population male, and percentage working population aged
16–24, 25–34, 45–54, 55–64 and ≥65 years.
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an “out-of-the-box” resource for researchers, planners and
policy makers that is evidenced-based and derived using
the best-available spatial data.
Limitations
The main limitation of this study is that comparability
analyses between full and abridged walkability indexes
were confined to the City of Sydney local government
area as it was the only area for which retail floor space
data were available. It is feasible that the similarity in
performance of three and four-attribute indexes is
unique to this area and may not be as comparable in
other areas. However, the generalizability of our results
beyond the City of Sydney area is supported by our
corresponding analysis for the entire Sydney Metropolitan
Region, which produced similar associations between
walkability and prevalence of walking to work using
the three-attribute index, and identified similar factor
Figure 3 Distribution of Sydney Walkability Index quartiles in Sydney Metropolitan Region.
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structures and explained variance for the Sydney Metro-
politan Region abridged index. It would be advantageous
for researchers to confirm this finding in other cities where
data are available for all four walkability components.
Another limitation of this study is that GIS derived
estimates of walkability were not compared to the physical
reality on the ground via site visits, so the level and nature
of any measurement error is unknown. Previous studies
using similar indexes have included field verification as
the indexes were used to generate sampling frames for
interventions [1,12]. Field validation in these cases com-
prised “informal windshield observations” [12] and system-
atic observations [1]. While both studies observed some
discrepancies in walkability classifications, Leslie et al.
concluded that the PLACE index had good face validity
and that field observations were concordant with index
classifications for the majority of their study units [1].
Conclusions
The abridged Sydney Walkability Index is comparable to
existing indexes that include retail floor area ratio and
has demonstrated predictive validity for utilitarian walking.
Greater use of validated indexes for environment-behaviour
research will improve study comparability and inform
urban planning and policy to improve the walkability
of communities.
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The contribution of area-level walkability
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spatial analysis of 95,837 participants from the
45 and Up Study living in Sydney, Australia
Darren J. Mayne1,2,3,4* , Geoffrey G. Morgan5, Bin B. Jalaludin6,7 and Adrian E. Bauman1
Abstract
Background: Individual-level studies support a positive relation between walkable built environments and
participation in moderate-intensity walking. However, the utility of this evidence for population-level planning is less
clear as it is derived at much finer spatial scales than those used for regional programming. The aims of this study
were to: evaluate if individual-level relations between walkability and walking to improve health manifest at
population-level spatial scales; assess the specificity of area-level walkability for walking relative to other moderate and
vigorous physical activity (MVPA); describe geographic variation in walking and other MVPA; and quantify the
contribution of walkability to this variation.
Methods: Data on sufficient walking, sufficient MVPA, and high MVPA to improve health were analyzed for 95,837
Sydney respondents to the baseline survey of the 45 and Up Study between January 2006 and April 2010. We used
conditional autoregressive models to create smoothed MVPA “disease maps” and assess relations between sufficient
MVPA to improve health and area-level walkability adjusted for individual-level demographic, socioeconomic, and
health factors, and area-level relative socioeconomic disadvantage.
Results: Within-cohort prevalence of meeting recommendations for sufficient walking, sufficient MVPA, and high
MVPA were 31.7 (95% CI 31.4–32.0), 69.4 (95% CI 69.1–69.7), and 56.1 (95% CI 55.8–56.4) percent. Prevalence of
sufficient walking was increased by 1.20 (95% CrI 1.12–1.29) and 1.07 (95% CrI 1.01–1.13) for high and medium-high
versus low walkability postal areas, and for sufficient MVPA by 1.05 (95% CrI 1.01–1.08) for high versus low walkability
postal areas. Walkability was not related to high MVPA. Postal area walkability explained 65.8 and 47.4 percent of
residual geographic variation in sufficient walking and sufficient MVPA not attributable to individual-level factors.
Conclusions: Walkability is associated with area-level prevalence and geographic variation in sufficient walking and
sufficient MVPA to improve health in Sydney, Australia. Our study supports the use of walkability indexes at multiple
spatial scales for informing population-level action to increase physical activity and the utility of spatial analysis for
walkability research and planning.
Keywords: Disease mapping, Geographic variation, Physical activity, Spatial model, Walkability
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Background
Promoting moderate-intensity walking is the cornerstone
strategy of public health efforts to increase population
levels of participation in moderate and vigorous physical
activity (MVPA) [1–4]. Walking is low risk [5]; accessi-
ble to most people regardless of age, sex, socioeconomic
status, or cultural background [2]; and confers health ben-
efits independent of participating in more vigorous forms
of physical activity [6]. Walking may be undertaken for
recreation, leisure, and health; to move between destina-
tions and origins; and to access services [7, 8]. These latter
activities describe utilitarian walking or active transport,
and have been a focus for built environment research over
the last two decades [9]. “Walkability” is the term used
to describe the capacity of built environments to facili-
tate walking for multiple purposes [8], especially active
transport [10]. Walkable neighbourhoods facilitate active
transport by reducing distances between origins and des-
tinations, and maximizing the mix of proximal land uses
for residential, commercial, educational, and recreational
purposes [7, 10, 11].
Walkability is typically operationalized as an index of
high-resolution built environment variables within a geo-
graphic information system. The most widely utilized
and researched of these are the North American Neigh-
borhood Quality of Life Study (NQLS) [12] and South
Australian Physical Activity in Localities and Community
Environments (PLACE) [8] indexes. Developed in parallel
for comparing between North American and Australian
populations [8], these metrics comprise four environmen-
tal variables: residential density, street network connec-
tivity, land use mix, and retail floor area ratio, which are
combined into a total score by summing over either decile
ranks [8] or standard (Z) scores [12]. The total score is
then divided into sample-specific quartiles representing
the relative variation in walkability between units of anal-
ysis [8, 12]. The indexes have been adapted and validated
for use in other cities and countries (e.g. [8, 9, 13–19]),
and underpin a large international evidence base demon-
strating consistent associations between environmental
walkability and levels of moderate-intensity walking that
benefits health [17].
Creating local opportunities for transport-related walk-
ing through strategic land use and infrastructure devel-
opments is a key strategy of many regional development
plans [9, 17] such as the Sydney Metropolitan Plan [20],
and may contribute to population levels of total daily
physical activity [3, 4, 7]. Environmental and policy inter-
ventions such as these generally have much smaller effect
sizes than those targeting individuals [21] but can have
larger population-level impacts because exposure to the
built environment is ubiquitous and changes more per-
sistent than interventions with individuals [7, 22, 23].
This has prompted some to recommend using walkability
indexes to inform urban design, transportation, and health
policy; target infrastructure investments; and evaluate
environmental interventions to increase population-levels
of physical activity [8, 9, 17, 24–27].
Needs assessment, planning, intervention, and evalua-
tion activities to address the health of populations typ-
ically occur at larger regional levels [28], which Saelens
and Handy have termed macro-level environments [10].
These are distinct from micro-level environments spe-
cific to individuals and meso-level environments that are
shared by groups of individuals, such as residents within
a neighborhood [10]. Greater use of objective walkability
indexes has demonstrably progressed our understanding
of environment-behavior relations through a focusing of
research and inference at increasingly finer spatial reso-
lutions (see reviews [10, 11, 29–31]). However, this has
contributed to an evidence base derived at geographic
scales substantially smaller than those used for popula-
tion health policy, planning, and intervention; assumes
individual-level environment-behavior relations scale to
populations; and raised concerns about the utility of micro-
level evidence for macro-level health programming [32].
The extent to which micro-level correlates of physi-
cal activity manifest at macro-levels is poorly understood
[33], under-researched, and limited to journey to work
data among employed populations. For example, Frank et
al. have reported that the prevalence of employed per-
sons walking to work at the 2000 United States Census
was 4-7% higher in the most compared to least walkable
block groups of King County and Baltimore after strati-
fying on household income [12]. We too have observed
higher prevalence of income-stratified self-reported walk-
ing to work in the 2006 Australian Census for Sydney
residents in the most (7.9-11.0%) versus least (2.1-3.0%)
walkable Census Collection Districts and adjusted odds
of walking to work 2.8-3.3 times higher for the top
versus bottom walkability quartiles [17]. Similarly, Kelly
et al. have recently reported that the odds of ≥5% of
employed block group residents reporting walking to
work in the 2004–2009 American Community Survey
were 1.6-5.5 times higher for the most compared to least
walkable neighborhoods in St. Louis City and County
after adjusting for area-level socioeconomic deprivation
[34]. These small number of macro-level built envi-
ronment studies are consistent with a positive associa-
tion between population-prevalence of utilitarian walking
and area-level walkability. However, the behavioral speci-
ficity of outcome measures for walking to work among
employed persons in these studies limit their generaliz-
ability to the broader population and other domains of
walking.
Walkability research has also largely ignored geographic
variation in behaviors and outcomes, which is essen-
tial for framing public policy and action [35]. Spatial
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variation in outcomes and behavior beyond that explained
by demographic, social, and economic factors may indi-
cate additional, unobserved, and geographically varying
influences on health and health-enhancing infrastruc-
ture [36]. Spatial analysis is also a potent tool for iden-
tifying environmental inequalities [37] and may assist
in targeting infrastructure upgrades and developments
to mitigate environment-related health risks, and pro-
mote equitable access to health-enhancing built envi-
ronments [38, 39]. For example, Huang and colleagues
have identified clusters of high active transportation
(walking or riding) among residents of Los Angeles and
San Diego Counties living in Census block groups with
higher population, employment, street, block, and inter-
section densities; shorter block lengths; and the presence
of a bus route [38]. Tamura et al. have also observed
significant clustering of prevalence of meeting physi-
cal activity guidelines in California, Massachusetts, and
Pennsylvania respondents to the 2004 Nurses’ Health
Study [39]; however, they found inconsistent evidence for
macro-level differences between cluster and non-cluster
neighborhoods [39].
Given the limited evidence on macro-level relation-
ships between walking and walkability, and the poten-
tial for geographic analysis to inform this research, the
aims of the present study were to: (1) evaluate if area-
level walkability was associated with population-levels
of moderate-intensity walking; (2) assess the specificity
of area-level walkability for walking compared to other
MVPA; (3) describe geographic variation in walking and
other MVPA; and (4) quantify the contribution of area-
level walkability to this variation using a population-
based cohort living in Sydney, Australia. We hypothesized
that: (1) area-level walkability would be associated with
population-levels of sufficient walking to improve health
but not other MVPA; (2) sufficient walking and other
MVPA to improve health would vary geographically in the
study area; and (3) area walkability would contribute to
this variation but only for sufficient walking to improve
health.
Methods
Study design and area
We used a cross-sectional, ecological design to investigate
geographic variation in physical activity behavior and its
relationship to walkability in the Sydney Statistical Divi-
sion of NSW, Australia [40]. Sydney covers a land area
of 12142 km2 and had a population of 4.1 million per-
sons living in 1.6 million dwellings at the 2006 Census
[41]. Analysis was undertaken at the Census postal area
level, which was the smallest spatial unit at which geo-
graphically identified 45 and Up Study data were available
from the data custodian. Sydney comprised 260 contermi-
nous postal areas at the 2006 Census [42] with a median
land area of 7.6 km2, 5304 residential dwellings, and 13090
residents [41].
Participants
Participants were selected from members of the The Sax
Institute’s 45 and Up Study, a population-based cohort
established between January 2006 and December 2010
to investigate healthy aging among persons 45 years and
older living in NSW, Australia [43]. Prospective par-
ticipants were randomly sampled from the Medicare
Australia enrollment database and invited to return a
completed consent form and baseline questionnaire via
mail [43]. People aged ≥80 years were oversampled by
a factor of two; rural and remote populations were also
oversampled but these subgroups are not resident within
the Sydney area [43]. The 45 and Up Study includes
approximately 10% of the NSW population and had a
response rate of 18% [43]. This is similar to other inter-
national population cohorts that seek consent for data
linkage (e.g., [44, 45]), and consistent with the global trend
of reducing participation rates in epidemiological stud-
ies [46]. Individual-level data were provided by The Sax
Institute with 2006 Census postal areas identifiers for all
266848 persons recruited to the study between January
2006 and April 2010 [47]. We limited our analysis to the
115153 persons from this release that were geocoded to
the Sydney Statistical Division to correspond with the
spatial extent of our study factor.
Data
Individual-level data comprised self-reported responses
to the baseline questionnaire of the 45 and Up Study [43],
and were used to derive respondent-level physical activity
outcome variables and covariates. Postal area-level data
included the Sydney Walkability Index (SWI) [17] and
the 2006 Index of Relative Socioeconomic Disadvantage
(IRSD) [48], which were included as study and covariate
factors, respectively.
Outcome variables
We defined three physical activity outcomes: sufficient
moderate-intensity walking to improve health, sufficient
MVPA to improve health, and high MVPA. Each out-
come was derived from self-reported responses to Active
Australia Survey [49] questions included in the base-
line survey. Participants were asked to report sepa-
rately the number of times in the last week they had:
(i) walked continuously for at least 10 minutes for
recreation or exercise or to get to or from places;
(ii) participated in vigorous physical activity that made
them breathe harder or puff or pant; (iii) participated
in other moderate physical activities. Participants also
reported the total time they spent doing each of these
activities.
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Sufficient total moderate and vigorous physical activity to
improve health
Moderate and vigorous physical activity was calculated as
the sum of total minutes engaged in walking and other
moderate-intensity activities plus two times the total
number of minutes engaged in vigorous physical activi-
ties. Respondents were classified as sufficiently active if
they accumulated ≥150 min of MVPA over ≥5 sessions of
at least 10 minutes duration. A double weighting is given
to vigorous activity to reflect its greater intensity, and a
threshold of five sessions operationalizes the Australian
physical activity guidelines recommendation that adults
be active on most days of the week, and assumes sessions
are most likely to occur on separate days [50].
Sufficient walking to improve health
Sufficient walking to improve health used the same fre-
quency and duration criteria as sufficient MVPA but only
used responses on walking in calculations. This outcome
measure identified respondents that met Australian phys-
ical activity guidelines from walking alone. We included
this outcome on the basis that walkability indexes have
higher specificity for walking behavior—especially for
utilitarian purposes—than for MVPA [8, 12, 17].
Highmoderate and vigorous physical activity
We categorized respondents as highly physically active if
they reported participating in ≥300 minutes and ≥5 ses-
sions of MVPA over the previous week. The purpose of
this outcome was to identify respondents at or above the
upper Australian guideline limit of 300 minutes of MVPA
per week [51]. This represents a level of MVPA at which
even more health gains are accrued [52] and potentially
a minimum level of MVPA required for certain health
outcomes such as prevention of weight gain and some
cancers [53].
Study variable
The study variable of interest was postal area walkabil-
ity measured using the SWI [17]. The SWI is an abridged
version of the NQLS and PLACE indexes [17]. It has pre-
dictive validity for utilitarian walking, and is a cohesive
and internally consistent measure of walkability in Sydney,
Australia [17]. The index is derived within a geographical
information system and operationalizes three measures of
the built environment associated with walking:
1. Residential dwelling density—number of residential
dwellings per hectare of residential land use
2. Intersection density—number of intersections with
three or more road junctures per square kilometre of
total land area
3. Land use mix—entropy of five land use classes
(residential, commercial, industrial, recreational, and
other uses) adjusted for differences in the size of
spatial units [54].
Variable values are divided into deciles, scored from 1
(lowest) to 10 (highest), summed to give a total score out
of 30, which is then divided into quartiles corresponding
to low, low-medium, medium-high, and high walkabil-
ity [17]. We have previously demonstrated that abridged
indexes excluding retail floor space ratio data, which are
difficult to source [8, 12] and frequently unavailable [55],
have comparable measurement properties to four-variable
NQLS and PLACE indexes [17].
We calculated SWI variables within the spatial extents
of Sydney postal areas, which have a median land area of
7.6 km2 that approximately corresponds to a radial buffer
of 1550 meters. This is within the range of “high resolu-
tion” buffers typically used for individual-level analyses,
[56, 57] and for which consistent environment-behavior
associations have been reported across adult life stages,
including older adulthood [56].
Covariates
We included individual and area-level correlates and
determinants of physical activity from the research and
45 and Up Study literatures (e.g. [58–64]). Individual-
level covariates included sex; age at baseline interview;
language spoken at home; education level; relationship
status; employment status; health insurance type; smok-
ing status; body mass category; number of chronic con-
ditions ever diagnosed and number of chronic condi-
tions treated in the last month; and physical function
limitation and role limitation due to emotional prob-
lems sub-scales from the RAND 36-Item Health Survey
(Version 1.0) [65].
Area-level socioeconomic disadvantage was measured
for postal areas using the 2006 IRSD [48]. The IRSD is
a general measure of disadvantage derived from Census
variables indicative of low socioeconomic well being such
as percent of population ≥15 years with no post school
qualification; percent of population unemployed; percent
of employed persons classified as laborers; percent of pri-
vate dwellings with no motor car; and percent of people
who do not speak English. We divided the postal area
distribution of IRSD scores into quintiles indicating high
through to low relative socioeconomic disadvantage.
Statistical analysis
We used a two-stage strategy to model within-cohort
prevalence. In the first stage predicted probabilities (Yˆij)
of achieving sufficient walking, sufficient MVPA and
high MVPA to improve health were calculated for each
respondent using logistic regression models conditioned
on individual-level covariates. These probabilities were
summed within the j postal areas to obtain the predicted
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number of outcomes for each unit adjusted for its under-
lying respondent structure [66–68].
In the second stage postal area prevalence ratios (PR) for
physical activity outcomes were estimated using Bayesian
Besag, York, and Mollié conditional autoregressive mod-
els with Poisson likelihoods [69]. This model is commonly
used in epidemiology for small-area disease mapping esti-
mation [70, 71] and decomposes area-specific random
effects into a local, spatially structured variance compo-
nent (sj) and a global, spatially unstructured (heterogene-
ity) variance component (uj) [70, 72]:
log(θj) = α + xjβ + sj + uj + log(ej) (1)
where θj is the relative risk for the jth area; α is the overall
relative risk across the study region; xj and β are optional
vectors of ecological explanatory variables and parameter
estimates, respectively; and ej is an offset representing the
expected number of cases in the jth area, which we derive
using either the overall prevalence (ej = p × nj) or sum of
predicted probabilities from stage one (ej = ∑ Yˆij).
The heterogeneity component (uj) was given a nor-
mal prior with mean 0 and precision τ 2u [70]. The local
smoothing component (si) was given an intrinsic condi-
tional autoregressive prior [70] with mean s¯j and precision
tau2j conditioned on the mean risk in the k surround-
ing postal areas with intersecting boundaries. Variabil-
ity of uj and sj were controlled by hyper-parameters τ 2u
and τ 2s [70], which were given Gamma hyper-priors of
γ (0.5, 0.0005) [73].
Six models were fit for each outcome. Model 1 (M1)
was an unadjusted disease mapping model with expected
cases proportional to the overall prevalence (p × nj).
Model 2 (M2) was also a disease mapping model but with
individually-adjusted expected cases from stage 1. Mod-
els 3-6 were ecological regressions. Model 3 (M3) added
SWI to M2; Model 4 (M4) added IRSD to M2; Model 5
(M5) added IRSD to M3; and Model 6 (M6) added effect
modification of SWI by IRSD to M5.
Medians and 95% credible intervals (CrI) for eachmodel
parameter were summarized from the posterior distri-
bution obtained from two Monte Carlo Markov Chains
with over-dispersed starting values. Each chain ran for
2.5 million iterations with every 250th sample retained
to reduce autocorrelation and improve convergence. The
first half of each chain was discarded as burn-in leaving
10000 samples in total for inference. Model convergence
was assessed using trace and autocorrelation plots, and
Gelman-Rubin diagnostics [74].
The Deviance Information Criterion (DIC) was used
to choose between spatial models [70] and evaluate the
importance of area-level variables [75]. We considered
models within 1–2 DIC units of the best model (i.e., low-
est DIC) as deserving consideration, 3–7 as having less
support, and >7 no support [76]. An increase in DIC
between nested models was interpreted as support for
selecting the variable omitted from the reduced model
[75]. We visualized the exponentiated sum of spatial
and non-spatial variance components using choropleth
maps to identify variation in excess of that attributable
to fixed-effect factors. We also calculated the spatial frac-
tion
(
ρ = σ 2s /
[
σ 2s + σ 2u
])
from the marginal variation of
random effects to determine the proportion of residual
variation due to spatially-structured factors [77, 78].
Weighting
Weighting of the 45 and Up Study sample is not required
to estimate externally valid relative effect measures when
non-spatial analyses condition on the variables used
to construct post-stratification weights [79]. However,
whether weighting is necessary for valid geographical
analysis of the cohort is unclear. Unweighted spatial anal-
yses are simpler to implement within a Bayesian disease
mapping framework [80, 81] but geographically struc-
tured (non) response rates can bias inference [82]. In
the context of our study, this potential for bias arises
through the estimation of postal area prevalence ratios
from sample counts and expectations. We evaluated
the need to adjust our sample for response rates by
comparing postal area prevalence ratios derived using
unweighted and weighted sample data for each physical
activity outcome. Post-stratification survey weights were
calculated to benchmark the study sample to the Sydney
Statistical Division population from the 2006 Census [83],
with post-strata formed by 2006 Census postal areas
(n=260), sex (male and female), and five-year age groups
(45–84 and ≥85 years). We evaluated the performance of
unweighted data using scatter plots and Pearson correla-
tion coefficients to visualize relationships and strength of
associations with weighted postal area prevalence ratios
calculated using both unadjusted and adjusted expected
cases.
All data analysis and mapping was undertaken in R 3.2.2
using R2WinBUGS 2.1-21 and sp 1.2-1. Correlation coeffi-
cients, t-tests, and general linear models were evaluated at
the 5% alpha level and conditional autoregressive models
using DIC and 95% credible intervals summarized from
posterior distributions.
Results
Complete data were available for 95837 of 115153 (83.2%)
cohort members living in 255 of 260 (98.1%) postal
areas in Sydney. Respondent counts within postal areas
ranged from 0–3481 with a median and interquartile
range of 271 and 152-466. Sample characteristics for peo-
ple included in our study are reported in Table 2. Gender
and employment status were comparable to 2006 Cen-
sus estimates for the study area [83]; however, similar to
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the full cohort profile [47], our sample was younger, more
highly educated, less likely to speak a language other than
English at home, andmore likely to be living with a partner
than the study population.
Walkability
Median walkability scores for low, low-medium, medium-
high, and high walkability quartiles were 5, 13, 19, 27,
respectively. Table 1 reports the median, minimum and
maximum values for environmental variables by walka-
bility quartiles. Variable values increased monotonically
but non-linearly between successively increasing walka-
bility quartiles. The ratios of environmental median val-
ues for high compared to low walkability quartiles were
approximately two times higher than for medium-high
compared to low quartiles, which were approximately two
times higher than for low-medium compared to low quar-
tiles. Interquartile ranges for residential density (0.74–
7.25, 9.63–15.62, 16.95–22.31, and 36.60–66.91), intersec-
tion density (1.94–10.34, 34.28–59.01, 66.87–89.86, and
121.50–203.00), and land use mix (0.002–0.014, 0.020–
0.048, 0.047–0.081, and 0.088–0.218) did not overlap
when stratified by low, low-medium, medium-high, and
high walkability quartiles, and indicates that each vari-
able is contributing to the segmentation of postal area
walkability.
Prevalence of physical activity outcomes
Prevalence of sufficient walking, sufficient MVPA, and
highMVPA to improve healthwere 31.7 (95% CI 31.4-32.0),
69.4 (95% CI 69.1-69.7), and 56.1 (95% CI 55.8-56.4) per-
cent, respectively. Frequencies, relative frequencies, and
prevalence of physical activity outcomes for area-level fac-
tors are reported at the top of Table 2. Sufficient walking to
improve health displayed the strongest prevalence gradi-
ent for area-level walkability followed by sufficientMVPA;
the gradient for high MVPA was small and inconsistent.
Prevalence of all outcomes increased with increasing area-
level socioeconomic disadvantage but the gradient was
weakest for sufficient walking to improve health.
Individual-level factors
Sample characteristics and prevalence of study outcomes
for individual-level factors are reported in Table 2 and full-
model odds ratio estimates in Table 3. Physical activity
outcomes were strongly associated with individual-level
demographic, social, economic, and health status and
behavior factors. For all outcomes, prevalence of suffi-
cient MVPA increased with increasing education level;
decreased with increasing numbers of diagnosed and
treated chronic health conditions, functional limitation
and emotional problems; and were higher for females,
people who spoke English at home, or were non- or ex-
smokers. These gradients and differences were less pro-
nounced for sufficient walking to improve health than
for either sufficient MVPA or high MVPA. This was
also observed for age, which displayed inverted U-shape
associations with prevalence of MVPA outcomes. Preva-
lence of sufficient walking to improve health decreased
with increasing body mass and was especially low in
obese persons; body mass gradients were less consistent
for sufficient MVPA and high MVPA. Health insurance
type was unrelated to prevalence of sufficient walking
to benefit health but strongly related to both suffi-
cient MVPA and high MVPA prevalence. The areas
under the curve for fully adjusted individual-level logis-
tic regression models were 61.0%, 66.6%, and 64.9% for
sufficient walking, sufficient MVPA, and high MVPA,
respectively.
Weighting
Figure 1 summarizes relationships between unweighted
and weighted physical activity prevalence ratios for the
255 postal areas for which survey data were available.
Left panel plots show prevalence ratios derived using
unadjusted expected values, and right panel plots show
prevalence ratios derived using expected values adjusted
for individual-level factors. Strong linear relationships
were observed between unweighted and weighted preva-
lence ratios for all physical activity outcomes, regardless
of the method used to derive expected cases. Correlation
coefficients for sufficient walking, sufficient MVPA, and
high MVPA were 0.98, 0.96, and 0.97 for unadjusted, and
0.98, 0.94, and 0.96 for adjusted prevalence ratios, respec-
tively. Based on these strong relations, we determined
that weighting was not necessary for spatial analyses,
and fit disease mapping models to unweighted sample
data.
Table 1 Median, low, and high values for Sydney Walkability Index environmental variables by walkability quartiles
Walkability Residential density per ha Intersection density per km2 Land use mix entropy
Median Low High Median Low High Median Low High
Low 2.28 0.11 18.06 3.37 0.08 37.18 0.005 0.000 0.067
Low-medium 13.35 0.00 28.51 46.14 1.53 102.20 0.033 0.001 0.218
Medium-high 19.82 11.96 55.32 79.53 6.44 117.80 0.056 0.030 0.400
High 46.02 22.02 219.70 162.50 80.87 695.10 0.134 0.045 0.631
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Table 2 Sample characteristics and prevalence estimates for physical activity outcomes
Variable Characteristics Prevalence
Sufficient walking Sufficient MVPA High MVPA
N % n % n % n %
POSTAL AREA LEVEL
Walkability
Low 26435 27.6 7582 28.7 18079 68.4 14763 55.8
Low-medium 32696 34.1 9854 30.1 22225 68.0 17961 54.9
Medium-high 20299 21.2 6565 32.3 14119 69.6 11388 56.1
High 16407 17.1 6353 38.7 12087 73.7 9668 58.9
Socioeconomic disadvantage
Q1 - Most 18263 19.1 5334 29.2 11690 64.0 9300 50.9
Q2 20349 21.2 6105 30.0 13610 66.9 10882 53.5
Q3 - Middling 15575 16.3 5025 32.3 10736 68.9 8674 55.7
Q4 20723 21.6 6999 33.8 15203 73.4 12510 60.4
Q5 - Least 20927 21.8 6891 32.9 15271 73.0 12414 59.3
INDIVIDUAL LEVEL
Sex
Male 46099 48.1 14748 32.0 31432 68.2 25039 54.3
Female 49738 51.9 15606 31.4 35078 70.5 28741 57.8
Age
45-49 13605 14.2 3865 28.4 9462 69.5 7590 55.8
50-54 16843 17.6 5169 30.7 11996 71.2 9576 56.9
55-59 17008 17.7 5645 33.2 12108 71.2 9777 57.5
60-64 14114 14.7 4922 34.9 10307 73.0 8497 60.2
65-69 10703 11.2 3747 35.0 7772 72.6 6468 60.4
70-74 7387 7.7 2541 34.4 5250 71.1 4306 58.3
75-79 5519 5.8 1724 31.2 3662 66.4 2941 53.3
80-84 7464 7.8 2057 27.6 4403 59.0 3460 46.4
≥85 3194 3.3 684 21.4 1550 48.5 1165 36.5
Language spoken at home
English 81196 84.7 25937 31.9 57486 70.8 46737 57.6
Other 14641 15.3 4417 30.2 9024 61.6 7043 48.1
Education level
Less than secondary school 8057 8.4 2184 27.1 4508 56.0 3641 45.2
Secondary school graduation 28177 29.4 8566 30.4 18790 66.7 15240 54.1
Trade, certificate, or diploma 30119 31.4 9534 31.7 21263 70.6 17400 57.8
University degree 29484 30.8 10070 34.2 21949 74.4 17499 59.4
Relationship status
Partner 71083 74.2 22315 31.4 50009 70.4 40528 57.0
No partner 24754 25.8 8039 32.5 16501 66.7 13252 53.5
Employment status
Full-time work 33116 34.6 9958 30.1 22750 68.7 17796 53.7
Part-time work 13509 14.1 4287 31.7 9925 73.5 8130 60.2
Other work 1417 1.5 492 34.7 1044 73.7 892 62.9
Not working 47795 49.9 15617 32.7 32791 68.6 26962 56.4
285
C. PUBLISHED VERSIONS OF PAPERS INCLUDED IN THIS THESIS
Mayne et al. Population HealthMetrics  (2017) 15:38 Page 8 of 21
Table 2 Sample characteristics and prevalence estimates for physical activity outcomes (Continuation)
Health insurance type
Private with extras 55802 58.2 17921 32.1 40165 72.0 32568 58.4
Private without extras 13597 14.2 4347 32.0 9574 70.4 7803 57.4
Government health care card 12977 13.5 3887 30.0 7928 61.1 6320 48.7
None 13461 14.0 4199 31.2 8843 65.7 7089 52.7
Smoking status
Never smoked 56362 58.8 17651 31.3 39255 69.6 31582 56.0
Past smoker 32897 34.3 10773 32.7 23196 70.5 18923 57.5
Current smoker 6578 6.9 1930 29.3 4059 61.7 3275 49.8
Bodymass category
Underweight 1360 1.4 484 35.6 877 64.5 717 52.7
Normal weight 37712 39.4 13179 34.9 27771 73.6 22833 60.5
Overweight 37271 38.9 11902 31.9 26169 70.2 21165 56.8
Obese 19494 20.3 4789 24.6 11693 60.0 9065 46.5
Diagnosed chronic conditions
0 32167 33.6 10442 32.5 23287 72.4 19019 59.1
1 38557 40.2 12403 32.2 26887 69.7 21749 56.4
2 19082 19.9 5873 30.8 12679 66.4 10114 53.0
3 or more 6031 6.3 1636 27.1 3657 60.6 2898 48.1
Treated chronic conditions
0 42523 44.4 13610 32.0 30498 71.7 24891 58.5
1 31399 32.8 10328 32.9 22098 70.4 17788 56.7
2 15478 16.2 4709 30.4 10110 65.3 8066 52.1
3 or more 6437 6.7 1707 26.5 3804 59.1 3035 47.1
Functional limitation
None 33079 34.5 11648 35.2 25449 76.9 21427 64.8
Minor 25661 26.8 9250 36.0 19221 74.9 15500 60.4
Moderate 21192 22.1 6488 30.6 14159 66.8 11038 52.1
Severe 15905 16.6 2968 18.7 7681 48.3 5815 36.6
Emotional problems
None 67240 70.2 22286 33.1 47682 70.9 38888 57.8
Minor 13394 14.0 4005 29.9 9365 69.9 7495 56.0
Moderate 7638 8.0 2144 28.1 5018 65.7 3941 51.6
Severe 7565 7.9 1919 25.4 4445 58.8 3456 45.7
MVPA Moderate and vigorous physical activity, N Stratum total, n Stratum outcome frequency, % Stratum outcome percent
Spatial analysis
Tables 4, 5 and 6 summarize conditional autore-
gressive models 1–5 for sufficient walking, sufficient
MVPA, and high MVPA to improve health, respec-
tively. Mean baseline models (M1) indicated very high
levels of clustering with ≥97% of residual variation
due to unobserved, spatially structured factors. Dif-
ferences in effective parameters (pD) and DIC values
indicated that the addition of expected cases adjusted
for respondent-level variables (M2) simplified models
and substantially improved fits over M1 for sufficient
walking (	DIC=-16.3), sufficient MVPA (	DIC=-76.9),
and high MVPA (	DIC=-76.7). These were the best fit-
ting models for sufficient MVPA and high MVPA, and
reduced spatial variation by 84.2% and 82.2%, respec-
tively. The best fitting model for sufficient walking was
M5, which included SWI and IRSD, and reduced the
DIC and spatial variance by 20.8% and 75.6% over M1,
respectively.
Interaction models (M6) found no evidence that IRSD
modified associations between SWI and prevalence of suf-
ficient walking (	DIC=8.2), sufficient MVPA (	DIC=22.9)
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Table 3 Full-model odds ratio estimates for individual-level adjustment variables
Sufficient walking Sufficient MVPA High MVPA
OR 95% CI OR 95% CI OR 95% CI
Sex p=0.0407 p<0.0001 p<0.0001
Male 1.00 1.00 1.00
Female 0.99 (0.96-1.02) 1.20 (1.16-1.24) 1.21 (1.17-1.25)
Age p<0.0001 p<0.0001 p<0.0001
45-49 1.00 1.00 1.00
50-54 1.13 (1.08-1.19) 1.13 (1.08-1.19) 1.09 (1.04-1.14)
55-59 1.25 (1.19-1.32) 1.13 (1.08-1.20) 1.11 (1.06-1.16)
60-64 1.27 (1.20-1.34) 1.16 (1.10-1.23) 1.15 (1.09-1.21)
65-69 1.20 (1.13-1.28) 1.08 (1.01-1.16) 1.09 (1.03-1.16)
70-74 1.18 (1.10-1.27) 1.06 (0.98-1.14) 1.04 (0.97-1.12)
75-79 1.06 (0.98-1.15) 0.90 (0.83-0.98) 0.90 (0.84-0.98)
80-84 0.93 (0.86-1.01) 0.71 (0.66-0.76) 0.74 (0.69-0.79)
≥85 0.73 (0.66-0.81) 0.53 (0.48-0.58) 0.55 (0.50-0.61)
Language spoken at home p<0.0001 p<0.0001 p<0.0001
English 1.00 1.00 1.00
Other 0.70 (0.93-1.00) 0.70 (0.67-0.73) 0.72 (0.69-0.75)
Education level p<0.0001 p<0.0001 p<0.0001
University degree 1.00 1.00 1.00
Trade, certificate, or diploma 0.92 (0.89-0.95) 0.90 (0.87-0.94) 1.01 (0.98-1.04)
Less than secondary school 0.88 (0.85-0.91) 0.76 (0.73-0.79) 0.87 (0.84-0.90)
Secondary school graduation 0.81 (0.77-0.86) 0.59 (0.56-0.62) 0.72 (0.68-0.76)
Relationship status p<0.0001 p<0.0001 p<0.0001
Partner 1.00 1.00 1.00
No partner 1.18 (1.14-1.22) 1.04 (1.00-1.07) 1.02 (0.99-1.05)
Employment status p<0.0001 p<0.0001 p<0.0001
Full-time work 1.00 1.00 1.00
Part-time work 1.10 (1.05-1.15) 1.25 (1.19-1.32) 1.27 (1.21-1.33)
Other work 1.46 (1.30-1.64) 1.81 (1.59-2.06) 1.93 (1.72-2.17)
Not working 1.36 (1.30-1.42) 1.67 (1.59-1.75) 1.73 (1.66-1.81)
Health insurance type p=0.0564 p<0.0001 p<0.0001
Private with extras 1.00 1.00 1.00
Private without extras 1.00 (0.96-1.04) 0.97 (0.93-1.01) 0.99 (0.95-1.03)
Government health care card 1.10 (1.05-1.15) 0.96 (0.92-1.01) 0.95 (0.91-0.99)
None 1.05 (1.01-1.10) 0.91 (0.87-0.95) 0.92 (0.89-0.96)
Smoking status p<0.0001 p<0.0001 p<0.0001
Never smoked 1.00 1.00 1.00
Past smoker 1.11 (1.07-1.14) 1.15 (1.12-1.19) 1.16 (1.13-1.20)
Current smoker 0.97 (0.92-1.03) 0.82 (0.78-0.87) 0.90 (0.86-0.96)
Bodymass category p<0.0001 p<0.0001 p<0.0001
Underweight 1.18 (1.05-1.33) 0.81 (0.72-0.91) 0.87 (0.77-0.97)
Normal weight 1.00 1.00 1.00
Overweight 0.87 (0.84-0.90) 0.86 (0.83-0.89) 0.89 (0.86-0.91)
Obese 0.66 (0.63-0.69) 0.62 (0.60-0.65) 0.66 (0.64-0.69)
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Table 3 Full-model odds ratio estimates for individual-level adjustment variables (Continuation)
Diagnosed chronic conditions p<0.0001 p<0.0001 p<0.0001
0 1.00 1.00 1.00
1 1.04 (1.01-1.08) 1.00 (0.96-1.03) 1.00 (0.97-1.04)
2 1.07 (1.02-1.12) 1.00 (0.96-1.04) 1.00 (0.96-1.04)
3 or more 1.01 (0.94-1.08) 0.91 (0.85-0.97) 0.94 (0.88-1.00)
Treated chronic conditions p<0.0001 p<0.0001 p<0.0001
0 1.00 1.00 1.00
1 1.06 (1.03-1.10) 1.05 (1.01-1.09) 1.00 (0.97-1.04)
2 1.04 (0.99-1.09) 0.97 (0.93-1.02) 0.95 (0.91-0.99)
3 or more 0.99 (0.93-1.06) 0.91 (0.86-0.97) 0.92 (0.87-0.98)
Functional limitation p<0.0001 p<0.0001 p<0.0001
None 1.00 1.00 1.00
Minor 1.01 (0.97-1.04) 0.88 (0.84-0.91) 0.80 (0.77-0.83)
Moderate 0.79 (0.76-0.82) 0.62 (0.59-0.65) 0.58 (0.56-0.60)
Severe 0.42 (0.40-0.44) 0.32 (0.30-0.34) 0.33 (0.32-0.35)
Emotional problems p<0.0001 p<0.0001 p<0.0001
None 1.00 1.00 1.00
Minor 0.90 (0.86-0.94) 1.04 (0.99-1.08) 1.01 (0.97-1.05)
Moderate 0.88 (0.83-0.93) 0.95 (0.90-1.00) 0.93 (0.88-0.98)
Severe 0.84 (0.80-0.89) 0.84 (0.80-0.89) 0.84 (0.80-0.89)
MVPA Moderate and vigorous physical activity, OR Odds ratio, CI Confidence interval
or high MVPA (	DIC=22.7) to improve health. However,
there was strong support for the simpler sufficient walking
model M3 without IRSD compared to the best fitting M5
(see Table 4). The DIC for M3 increased by only 0.7, had
fewer effective parameters, and reduced spatial variation
by a further 28.3% relative to M5. There was also strong
support for an association between SWI and prevalence
of sufficient MVPA model M3 (see Table 5). This model
had a slightly increased DIC compared to the best fitting
model M2 (	DIC=0.5) but fewer effective parameters and
reduced postal area clustering by an additional 47.4%.
The left-hand panels of Fig. 2 plot the residual geo-
graphic variation in unadjusted mean prevalence rate
ratios (M1) for sufficient walking, sufficient MVPA, and
high MVPA to improve health, which ranged from 0.79-
1.56, 0.87-1.19, and 0.84-1.20, respectively. There is clear
evidence for geographic clustering of postal areas with
lower prevalence in southern Sydney and higher preva-
lence in eastern Sydney. Low rates of sufficient walking
are also evident in central north Sydney, and clusters of
higher rates of sufficient and high MVPA in outer west-
ern Sydney. The right-hand panels of Fig. 2 show resid-
ual prevalence rate ratios for fully-adjusted models (M5).
Residual prevalence rate ratios for all outcomes were
attenuated with ranges reduced to 0.90-1.25, 0.98-1.04,
and 0.97-1.07 for sufficient walking, sufficient MVPA, and
highMVPA, respectively. Despite these reductions, spatial
fractions and diseasemaps indicated residual variance was
principally spatial with higher prevalence on the eastern
seaboard, and lower prevalence in central and southern
Sydney. A north-south band of low prevalence is also
evident for sufficient walking to improve health.
Discussion
To our knowledge this is the first study to report macro-
level associations between walkability and MVPA to
improve health using a representative large-scale cohort
and geospatial methods. Our results provide support for a
positive association between increasing postal area walk-
ability and prevalence of sufficient walking to improve
health; weaker support for a positive association between
increasing postal area walkability and prevalence of suf-
ficient MVPA to improve health; and no support for an
association between postal area walkability and preva-
lence of high MVPA. These findings are independent
of individual-level demographic, social, economic, and
health factors, and area-level socioeconomic disadvan-
tage. We also found geographic clustering in prevalence
of all MVPA outcomes, with higher rates of suffi-
cient walking, sufficient MVPA, and high MVPA to
improve health in the central business district and adja-
cent east-coast areas, and lower rates through central
and southern Sydney. Approximately half of this spa-
tial variation is explained by postal area walkability
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Fig. 1 Comparison of unweighted and post-strata weighted postal area prevalence ratios for physical activity outcomes in Sydney Statistical
Division. Post-strata were formed by postal areas (N=260), sex (male and female), and five-year age groups (45–84 and ≥85 years). Left panel plots
show relationships for prevalence ratios with no adjustment for individual-level factors. Right panel plots show relationships for prevalence ratios
adjusted for individual-level demographic, economic, and health factors using logistic regressions
for sufficient walking and sufficient MVPA to improve
health. Taken together, our findings extend individual-
level environment-behavior relations between walking to
improve health and walkability to population and spa-
tial scales typically used for health planning, intervention,
and surveillance; highlight the utility of spatial analysis for
informing walkability research and planning; and support
the validity of undertaking geographical analysis on the 45
and Up Study cohort.
Walkability andmoderate and vigorous physical activity
Syntheses of the research literature consistently report
that residents in highly walkable neighborhoods are
more likely to participate in MVPA, especially for active
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Table 4 Conditional autoregressive model summaries for sufficient walking to improve health
Model 1 Model 2 Model 3 Model 4 Model 5
Individual-level adjustment No Yes Yes Yes Yes
Parameter estimates (PR, 95% CrI)
Constant 1.00 (0.99-1.02) 1.01 (0.99-1.02) 0.94 (0.90-0.98) 1.03 (1.00-1.08) 0.97 (0.91-1.03)
Walkability
Low – – 1.00 – 1.00
Low-medium – – 1.03 (0.99-1.08) – 1.03 (0.98-1.07)
Medium-high – – 1.07 (1.01-1.13) – 1.05 (0.99-1.11)
High – – 1.20 (1.12-1.29) – 1.18 (1.09-1.27)
Socioeconomic disadvantage
High – – – 1.00 1.00
High-medium – – – 0.98 (0.93-1.03) 0.98 (0.94-1.03)
Medium – – – 0.99 (0.94-1.04) 1.00 (0.95-1.05)
Medium-low – – – 0.97 (0.91-1.02) 0.97 (0.92-1.03)
Low – – – 0.92 (0.86-0.98) 0.94 (0.89-1.00)
Model diagnostics
pD 92.37 75.41 62.05 76.81 65.25
DIC 1875.16 1858.87 1855.11 1857.33 1854.39
Fit (1=best, 5=poorest) 5 4 2 3 1
Spatial fraction 0.98 0.97 0.90 0.97 0.93
PR prevalence ratio, CrI credible interval, pD effective parameters, DIC Deviance Information Criterion
Model 1 null model with expected cases proportional to the overall prevalence
Model 2 null model with expected cases adjusted for individual-level factors
Model 3 Model 2 + Sydney Walkability Index
Model 4 Model 2 + Index of Relative Socioeconomic Disadvantage
Model 5 Model 3 + Index of Relative Socioeconomic Disadvantage
transportation, than residents in less walkable neighbor-
hoods (see [10, 11, 84–87]). Some of these reviews have
additionally concluded that the evidence is sufficiently
robust to recommend incorporating built environment
factors, including walkability, into urban design, trans-
portation, and health planning [84, 85]. However, this evi-
dence base is largely derived using individual-level studies
that measure walkability at micro-environmental spatial
scales [28], which has raised concerns about its valid-
ity for population-level action [32]. Our results indicate
that increasing macro-environmental walkability at the
postal area level is positively associated with population-
levels of sufficient walking to improve health. Prevalence
of sufficient walking to improve health was 12-29% greater
in high versus low walkable areas, and 1-8% greater in
medium-high versus low walkable areas; no difference
was observed between medium-low and low walkability
areas. These results indicate that micro-level associations
between walkability and walking manifest at macro-level
spatial scales that are similar to those used for popula-
tion health planning and intervention; support the valid-
ity of individual-level walkability evidence for informing
population-level action to increase walking for health; and
extends to middle and older aged populations, with pre-
vious research showing increased area-level walkability is
associated with higher prevalence of walking in employed
populations [12, 17, 34]. Our results also provide helpful
information for targeting interventions to increase walk-
ing and walkability identified in the New South Wales
State Government’s plan for growing Sydney [20].
We observed a monotonically increasing exposure-
response gradient between postal area walkability and
prevalence of sufficient walking to benefit health. The
effect size for high versus low walkability areas was three
and seven times greater than for medium-high and low-
medium versus low areas, respectively. This suggests a
threshold effect whereby high levels of environmental
walkability are required to observe an association with
population-levels of sufficient walking to improve health.
In our study this equated to median values of 46.0 res-
idential dwellings per hectare, 162.5 intersections per
square kilometer, and a land use entropy mix of 0.13.
We have previously raised the possibility of a walkabil-
ity threshold in the Sydney metropolitan region [17], and
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Table 5 Conditional autoregressive model summaries for sufficient MVPA to improve health
Model 1 Model 2 Model 3 Model 4 Model 5
Individual-level adjustment No Yes Yes Yes Yes
Parameter estimates (PR, 95% CrI)
Constant 0.99 (0.99-1.00) 1.00 (0.99-1.01) 0.99 (0.97-1.01) 1.00 (0.97-1.02) 0.98 (0.96-1.01)
Walkability
Low – – 1.00 – 1.00
Low-medium – – 1.00 (0.98-1.02) – 1.00 (0.97-1.02)
Medium-high – – 1.01 (0.98-1.04) – 1.01 (0.98-1.04)
High – – 1.05 (1.01-1.08) – 1.04 (1.01-1.08)
Socioeconomic disadvantage
High – – – 1.00 1.00
High-medium – – – 1.00 (0.97-1.03) 1.00 (0.97-1.02)
Medium – – – 1.00 (0.97-1.03) 1.00 (0.97-1.03)
Medium-low – – – 1.02 (0.99-1.06) 1.02 (0.99-1.05)
Low – – – 1.00 (0.97-1.03) 1.00 (0.97-1.03)
Model diagnostics
pD 67.54 30.68 28.77 32.31 30.16
DIC 1983.08 1906.15 1906.62 1909.87 1909.89
Fit (1=best, 5=poorest) 5 1 2 3 4
Spatial fraction 0.97 0.85 0.75 0.83 0.69
PR prevalence ratio, CrI credible interval, pD effective parameters, DIC Deviance Information Criterion
Model 1 null model with expected cases proportional to the overall prevalence
Model 2 null model with expected cases adjusted for individual-level factors
Model 3 Model 2 + Sydney Walkability Index
Model 4 Model 2 + Index of Relative Socioeconomic Disadvantage
Model 5 Model 3 + Index of Relative Socioeconomic Disadvantage
Kelly et al. have recently reported macro-level journey to
work results for North American populations consistent
with a threshold effect [34]. However, we are unable to
preclude the possibility that any threshold is due to scale
effects, which can diminish associations as spatial granu-
larity coarsens [88]. For example, Australian research has
demonstrated that associations between walkability and
individual-level walking for transport attenuate as walk-
ability is measured at increasingly coarser spatial scales
[15]. However, the similarity of our results to other macro-
level studies conducted at finer geographic resolutions
(e.g., [17, 34]), and our matching of outcome and expo-
sure scales, provide some evidence against a spatial scale
artefact.
We found support for an association between walkabil-
ity and sufficient MVPA to improve health after adjusting
for individual differences. This finding was somewhat
unexpected as walkability indexes are typically specific for
utilitarian walking [8, 12, 17], although findings have been
increasingly mixed in recent years with both positive [89]
and null [15, 90] results reported. Our finding possibly
reflects the very high prevalence of walking in our cohort.
SufficientMVPA to improve health was reported by 69.4%
of Sydney respondents of which 45.7% attained this from
walking alone. A large subset of sufficiently active walk-
ers may also explain other positive findings for MVPA
reported in the walkability literature (e.g., [89]), and reaf-
firms the strategy of promoting moderate-intensity walk-
ing to increase population levels of sufficient MVPA to
improve health [1–4].
Our results provide no evidence for a macro-level asso-
ciation between postal area walkability and prevalence of
high MVPA to enhance health. We defined high MVPA
as ≥300 min per week, which equates to approximately
60 minutes of moderate or 30 minutes of vigorous inten-
sity activity on most days of the week. This outcome was
chosen as it is thought to reflect the minimum MVPA
required for prevention of weight gain and some can-
cers [53]. It is likely that persons meeting this threshold
would do so through a combination of moderate and high
intensity physical activity, and not by walking alone. Vig-
orous physical activity is most consistently associated with
availability of home exercise equipment and convenience
of nearby facilities [91–94], which are distinctly different
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Table 6 Conditional autoregressive model summaries for high MVPA
Model 1 Model 2 Model 3 Model 4 Model 5
Individual-level adjustment No Yes Yes Yes Yes
Parameter estimates (PR, 95% CrI)
Constant 0.99 (0.98-1.00) 1.00 (0.99-1.01) 0.99 (0.97-1.02) 0.99 (0.96-1.01) 0.99 (0.95-1.02)
Walkability
Low – – 1.00 – 1.00
Low-medium – – 0.99 (0.97-1.02) – 0.99 (0.96-1.02)
Medium-high – – 1.00 (0.96-1.03) – 0.99 (0.96-1.03)
High – – 1.03 (0.98-1.07) – 1.02 (0.98-1.07)
Socioeconomic disadvantage
High – – – 1.00 1.00
High-medium – – – 1.00 (0.97-1.03) 0.99 (0.96-1.03)
Medium – – – 1.01 (0.98-1.04) 1.01 (0.97-1.04)
Medium-low – – – 1.04 (1.00-1.07) 1.03 (1.00-1.07)
Low – – – 1.01 (0.97-1.05) 1.01 (0.97-1.05)
Model diagnostics
pD 78.57 38.51 39.12 38.15 38.24
DIC 1963.23 1886.54 1889.39 1890.17 1892.30
Fit (1=best, 5=poorest) 5 1 2 3 4
Spatial fraction 0.98 0.90 0.88 0.86 0.83
PR prevalence ratio, CrI credible interval, pD effective parameters, DIC Deviance Information Criterion
Model 1 null model with expected cases proportional to the overall prevalence
Model 2 null model with expected cases adjusted for individual-level factors
Model 3 Model 2 + Sydney Walkability Index
Model 4 Model 2 + Index of Relative Socioeconomic Disadvantage
Model 5 Model 3 + Index of Relative Socioeconomic Disadvantage
environmental factors to those underpinning walkability.
As such, this study extends our previous findings [17] on
the domain specificity of the SWI in employed popula-
tions to the general population aged 45 years and over
living in Sydney, Australia.
Geographic variation in moderate and vigorous physical
activity
We observed very high levels of geographic clustering
for all MVPA outcomes in unadjusted spatial analysis
with increased prevalence in the Sydney central business
and surrounding east-coast areas, and reduced preva-
lence through central and southern Sydney. Postal area
walkability explained 65.8% and 47.4% of residual geo-
graphic variation in sufficient walking and sufficient
MVPA to improve health but only 15.5% of high MVPA.
These associations were readily apparent in disease maps,
and were substantially attenuated by the inclusion of
postal area walkability in spatial models. We believe pre-
senting population-level variation in MVPA as disease
maps is likely to be especially helpful for identifying
and targeting areas that may benefit from infrastructure
upgrades or developments, and generating hypotheses
for additional research. This is supported by primary
health care research showing maps are readily com-
prehended by decision-makers, and can facilitate the
alignment of services, and interventions with population
needs [95].
Ours appears to be the first built environment study
to quantitatively demonstrate associations between area-
level walkability and spatial patterning in population-
levels of sufficient walking and MVPA to improve health.
Merom and colleagues have previously reported geo-
graphic variation in prevalence and increases in preva-
lence in any walking for Sydney local government areas
between 2002–2012 [28]. They also observed highest
prevalence in the Sydney business district and adjacent
areas, and lowest prevalence through central and south-
ern Sydney. Our findings expand on this research in a
number of aspects. First, our study used fully Bayesian
hierarchical models to account for, and leverage, spatial
autocorrelation to produce “smoothed” effect estimates,
valid credible intervals, and partition variation into spa-
tially structured and unstructured components. Second,
we used MVPA outcomes that are routinely used to
monitor health status in Australian populations. Third,
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Fig. 2 Excess prevalence ratios for physical activity outcomes in Sydney Statistical Division. Excess prevalence ratios were derived by exponentiating
the sum of the log odds for the spatial and non-spatial random effects. Left panel maps report estimates from unadjustedmodels (Model 1) using the
mean prevalence for the study area to calculate expected cases. Right panel maps report estimates from fully adjusted models including area-level
walkability and relative socioeconomic disadvantage (Model 5) with expected cases derived from individual-level logistic regression models
we conducted our study at a much finer spatial reso-
lution in order to maximize between-area heterogeneity
and increase the locational specificity of our results [96].
Fourth, we evaluated the proportion of excess spatial vari-
ation in MVPA outcomes that was attributable to postal
area walkability after removing variation due to individual
and area level demographic, social, economic, and health
status factors. Together, these differences allowed us to
produce robust disease maps over a shorter time hori-
zon and identify regions where walkability may be con-
tributing to population differentials in sufficient MVPA to
improve health.
We also observed spatial clustering in high MVPA to
improve health but this was unrelated to postal area
walkability. Variation in high MVPA to enhance health
is most consistently associated with availability of home
exercise equipment and convenience of nearby facili-
ties [91–94]. There is also some evidence that higher
densities of exercise facilities within 1,000 metres of
an individual’s residence is associated with increased
duration of MVPA and odds of meeting physical activ-
ity recommendations [97]. The extent to which the
observed geographic variation in high MVPA in Sydney
is attributable to the spatial distribution of these and
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other environmental factors was beyond the scope of our
study but could easily be addressed by including den-
sity estimates into our analytic framework, and warrants
further investigation given the hypothesised benefits of
high MVPA for the prevention of weight gain and some
cancers [53].
Excess prevalence for all outcomes decreased after
adjusting for individual-level factors; however, despite
these reductions disease maps remained highly clus-
tered, especially for walking. This finding has impor-
tant methodological implications because it suggests
(1) spatial autocorrelation is an inherent feature of
built environment data, and (2) individual differences
do not fully explain this clustering. Spatial autocor-
relation is a problem for linear regression because it
violates the assumption that residuals are independent
and identically distributed, which may lead to erro-
neous inference [98]. Concerns regarding ‘spatial mul-
ticollinearity’ in the walkability literature are not new
but have focused on the covariation between built
environment factors [99]. For example, NQLS-based
walkability indexes aggregate data across environmental
variables to minimize multicollinearity and leverage their
‘synergy’ [12]. However, this does not account for spa-
tial autocorrelation in the distributions of outcome or
study factors, which may be substantial based on our
results.
Multilevel analysis using general and generalized lin-
ear mixed models (GLMM) provides one solution to
account for spatial autocorrelation, and is already used
widely in the built environment literature for individual-
level analyses where walkability is measured at meso-
levels [10]. There are two problems with this approach:
first, researchers typically use GLMM only when walk-
ability is measured at a level different to that used for
inference, and are unlikely to consider more complex ana-
lytical models for apparently non-hierarchical designs;
and second, GLMM most often employ a covariance
structure that conflates spatial and non-spatial variation
within a single variance component [100]. Our study
highlights the utility of examining this spatial compo-
nent for informing policy and planning activities. We
therefore recommend the use of spatial models in built
environment research to (1) make explicit the expec-
tation of spatial structure in the environment-behavior
data under investigation; and (2) identify geographic
variation in outcomes to inform population-level pro-
gramming. We believe the Bayesian disease mapping
and ecological regression approach used in our study is
especially useful in this regard because it incorporates
both individual and area-level factors; is easily imple-
mented in freely available statistical software; and will
provide unbiased effect estimates in the absence of spatial
variation [101].
Area-level socioeconomic disadvantage andModerate and
Vigorous Physical Activity
Area-level relative socioeconomic disadvantage was not
identified as a correlate, confounder or effect modifier
in any of our walking or MVPA models. This differs
from our previous study that found median household
income was independently associated with walking to
work, and attenuated associations between SWI and walk-
ing to work at the smaller Census Collection District
level in Sydney metropolitan region [17]. Kelly and col-
leagues have reported similar findings for block group
prevalence of walking to work in the St. Louis City and
County areas of North America [34]. These differences
likely reflect methodological improvements in our cur-
rent study, including adjustment for individual-level fac-
tors to account for heterogeneity in the demographic,
social, economic, and health characteristics of postal
area respondents. Our findings therefore extend empir-
ical observations that area-level socioeconomic status is
unrelated to individual-level walking and walkability after
adjusting for person-level factors [90] to population-level
associations between MVPA and walkability, and reaffirm
the potential of walking to address population inequalities
in MVPA participation [102].
Implications for policy and planning in Sydney
The Sydney environment will be transformed over the
next 20 years through the Plan for Growing Sydney
[20], which aims to accommodate a projected popula-
tion increase of one million people by developing com-
munities that are strong, healthy, and well connected.
Creating local opportunities for transport-related walking
through strategic land use and infrastructure develop-
ments is a key strategy of this plan [20]. Ensuring these
developments and upgrades maximize transport, health,
and environmental benefits will be a significant challenge
for population health advocates. Our study indicates that
participation in sufficient walking to improve health is
not uniform across Sydney but varies geographically. This
structure is independent of individual-level demographic,
social, environmental, and economic factors, and unre-
lated to area-level socioeconomic disadvantage—factors
often considered instrumental in urban design, trans-
portation, and health policy and planning (e.g., [20, 103]).
The SWI has the potential to inform these decisions by
characterizing the walkability of geographic areas with
lower than expectedMVPA participation rates with a view
to prioritizing infrastructure upgrades and developments
that support active transportation and walking for other
purposes [8, 20].
Strengths and limitations
This study has a number of strengths. First, we linked
the SWI to high-quality and geocoded baseline data
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from the 45 and Up Study, which allowed us to exam-
ine area-level associations between walking infrastructure
and population-levels of MVPA adjusting for individual-
level factors. The 45 and Up Study is a prospective cohort
with approximately quinquennial follow-up [47]. As these
follow-up data are collected, geocoded, and made avail-
able to researchers, they will provide unique opportunities
to examine the influence of walkability on the walking
behavior and health outcomes of individuals and popu-
lations with increasingly sophisticated designs [17]. Sec-
ond, we measured walkability using the SWI [17], which
is derived from NQLS [12] and PLACE [8] walkabil-
ity indexes. These indexes form the basis of an exten-
sive national and international literature linking increased
environmental walkability to individual-levels of sufficient
moderate-intensity physical activity to enhance health
[17], and provides an international context for our find-
ings and methodological approach for population-level
programming and built environment research. Third, we
used a Bayesian disease mapping and ecological regres-
sion study design that allowed us to quantify the geo-
graphic variation in MVPA outcomes attributable to
postal area walkability after removing variation explained
by other individual and area-level factors. Our approach
appears novel in the walkability literature despite its com-
mon use in epidemiology for small area estimation prob-
lems [104, 105]. A particular advantage of this approach
is the capacity to produce smoothed disease maps to
communicate variation in geographic risk to politicians,
planners, and policymakers. Fourth, we used a spatial
scale more proximal to those typically used for population
health planning and status monitoring [28] but within the
upper range of buffers used for individual-level analyses
[56, 57]. However, we caution against interpreting area-
level walkability as simply an average of individual-level
exposures within the areal unit. Area-level walkability is
derived at the spatial scale of analysis. It is a contex-
tual measure of the area’s built environment to which
groups, communities and populations are exposed. That
is, we maintain area-level walkability is a characteristic
of the areal unit and measures an aspect of walkability
that is qualitatively different to individual-level walka-
bility. Finally, we observed that unweighted prevalence
ratios used in our spatial analyses were analogous to those
derived using post-stratification weighting, which pro-
vides support for the generalizability of our findings and
spatial trends to the Sydney Statistical Division.
Our study is also subject to a number of limitations.
First, our study sample included all Sydney respondents
to the 45 and Up Study with complete data on selected
baseline survey items. Although the 45 and Up Study
includes approximately 10% of the NSW Population aged
≥45 years, the cohort is younger, more highly educated,
and more likely to speak English at home and live with
a partner than the Sydney study base [43]. Our sub-
sample reflected these cohort characteristics. Point esti-
mates may be biased by non-response in cohort studies
[106, 107]; however, relative measures of effect are
generally considered representative of the study base
[108–112]. The external validity of 45 and Up Study
results is supported by research showing that relative
effect measures derived from this cohort are consistent
with those from population-representative surveys [79],
irrespective of sample weighting. The very high corre-
lations between unweighted and weighted postal area
prevalence estimates described in our study are consis-
tent with these observations, and provide support for the
external validity of our findings.
Second, we used a two-step approach to model associa-
tions between postal area physical activity and walkability
using ecological spatial regressions that were adjusted for
person-level factors by including model offsets derived
from individual-level regressions. This approach is often
used for spatial analyses where area and individual-level
factors cannot be incorporated into a single parsimonious
model (see [66–68, 113]); however, both individual and
area-levels factors would ideally be modeled concurrently.
These types of multilevel spatial models are starting to
appear in the methodological literature (see [114, 115])
but are not yet easily implemented in standard statistical
packages and require distributed computational environ-
ments for large data problems [115], which prohibited
their use in our study.
Third, although widely used for environment-behavior
research, NQLS-based indexes are derived using
population-specific cut-points for defining walkability
quartiles, which can result in data-dependent exposure
categories [116–118]. To increase the utility of our find-
ings for planners, policy analysts, and researchers, we
have reported the median, minimum, and maximum
environmental variable scores associated with walkability
quartiles in our study area. These values compare favor-
ably with the limited number of studies that also report
environmental values within walkability quartiles (see
[21, 54, 119]), and provides support for the international
relevance of our findings. A small number of recent stud-
ies have directly modeled associations between NQLS
environmental variables and minutes spent in moderate-
intensity physical activity (e.g., [18, 120, 121]). These
studies employed non-parametric generalized additive
models (GAM) with spline functions to account for the
complex, non-linear relationships between exposure
and outcome variables. This was beyond the scope and
resources of our study, which would have required fitting
computationally intensive penalized spline terms to our
already resource-demanding conditional autoregressive
models. We therefore recommend that analysts and
researchers carefully consider the concordance of built
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environment characteristics between their target environ-
ments and the Sydney metropolitan area before utilising
our findings for population-level policy, planning, and
intervention.
Fourth, we were unable to evaluate if our results were
sensitive to the spatial scale at which area-level walka-
bility is measured because our access to geocoded data
was limited to postal area identifiers. The modifiable areal
unit problem has the potential to affect all spatial analyses
that do not have access to individual-level longitude and
latitude coordinates [122]. However, the concordance of
our results with previous macro-level studies conducted
at finer spatial resolutions (see [12, 17, 34]) supports
the robustness of our findings. Fifth, postal areas are
Australian Census statistical output units, so their geo-
graphic dimensions and populace may not be represen-
tative of planning geographies used in other countries.
Finally, we used a cross-sectional design which precluded
considerations of causality.
Conclusion
Our study appears to be unique in the walkability liter-
ature for its population focus and spatial approach. We
observed that increasing postal area walkability was asso-
ciated with higher prevalence of sufficient walking and
sufficient MVPA to benefit health in Sydney, and accounts
for large proportions of the residual geographic variation
in these outcomes that remains after adjusting for indi-
vidual and area-level demographic, social, economic, and
health factors. Our results support the potential of walk-
ability indexes to inform and target population-level pro-
gramming, especially if local context is incorporated into
these activities, and affirms the importance of including
“place” in walkability research and planning to ensure the
robustness of outcomes. From a practical perspective, our
study demonstrates the utility of disease maps for com-
municating adverse geographic risk of MVPA outcomes
and the extent to which this may be attributable to mod-
ifiable environmental factors such as walkability. Finally,
our findings provide another resource for the NSW
Government to use in sustainably growing Sydney by
identifying regional opportunities for strategic land use
and infrastructure developments to increase population-
levels of walking and create built environments that sup-
port health.
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Abstract: Improving the walkability of built environments to promote healthy lifestyles and reduce
high body mass is increasingly considered in regional development plans. Walkability indexes have
the potential to inform, benchmark and monitor these plans if they are associated with variation in
body mass outcomes at spatial scales used for health and urban planning. We assessed relationships
between area-level walkability and prevalence and geographic variation in overweight and obesity
using an Australian population-based cohort comprising 92,157 Sydney respondents to the 45 and
Up Study baseline survey between January 2006 and April 2009. Individual-level data on overweight
and obesity were aggregated to 2006 Australian postal areas and analysed as a function of area-level
Sydney Walkability Index quartiles using conditional auto regression spatial models adjusted for
demographic, social, economic, health and socioeconomic factors. Both overweight and obesity were
highly clustered with higher-than-expected prevalence concentrated in the urban sprawl region of
western Sydney, and lower-than-expected prevalence in central and eastern Sydney. In fully adjusted
spatial models, prevalence of overweight and obesity was 6% and 11% lower in medium-high versus
low, and 10% and 15% lower in high versus low walkability postcodes, respectively. Postal area
walkability explained approximately 20% and 9% of the excess spatial variation in overweight and
obesity that remained after accounting for other individual- and area-level factors. These findings
provide support for the potential of area-level walkability indexes to inform, benchmark and monitor
regional plans aimed at targeted approaches to reducing population-levels of high body mass
through environmental interventions. Future research should consider potential confounding due to
neighbourhood self-selection on area-level walkability relations.
Keywords: body mass; disease mapping; geographic variation; obese; overweight; spatial analysis;
walkability
Int. J. Environ. Res. Public Health 2019, 16, 664; doi:10.3390/ijerph16040664 www.mdpi.com/journal/ijerph
301
C. PUBLISHED VERSIONS OF PAPERS INCLUDED IN THIS THESIS
Int. J. Environ. Res. Public Health 2019, 16, 664 2 of 29
1. Introduction
The increasing prevalence of overweight and obesity is a universal and urgent public health
problem [1]. High body mass index ≥25 kg/m2 (overweight or obese) contributed 5.7% of total
disability adjusted life years (DALY) to the global burden of disease in 2016, making it the fifth leading
risk factor—up from 2.7% of total DALYs and a ranking of 12 in 1990 [2]. High body mass is a risk
factor for cardiovascular disease, cancer, type 2 diabetes mellitus, and musculoskeletal conditions [3,4],
while its economic costs to health care systems and communities grow with increasing levels of
overweight and obesity [5]. The physiological energy imbalance that underlies high body mass is
influenced by genetic, behavioural, social, economic, and environmental factors operating within
multiple complex systems [6–8]. Reducing the health and economic burdens of overweight and obesity
will require shifts in these population-level systems [7]. For example, environmental interventions
that typically produce small individual-level effects may aggregate into large population-level benefits
because exposure is ubiquitous [8,9] and relatively persistent [10,11].
The built environment refers to that “part of the physical environment...Constructed by human
activity” ( [12] p. S550), and is hypothesised to contribute to high body mass by influencing lifestyle
behaviours that underlie its development [8]. The emerging consensus from the extensive literature
is that the built environment evidence base is sufficiently developed to incorporate into planning,
policy and interventions aimed at reducing high body mass [7,13], although uncertainties remain
(see reviews by [14–18]). ”Walkability” describes the capacity of the built environment to promote
walking for multiple purposes [19], and may contribute to reducing overweight and obesity by
promoting participation in total daily moderate-intensity physical activity [8,9,17,20–22]. To this
end, it is increasingly considered in development plans aimed at enhancing physical and social
infrastructure to promote healthy lifestyles and reduce the burden of chronic conditions like high body
mass on populations (e.g., [23–26]).
Walkability indexes have been identified as potentially useful tools for planning, benchmarking
and monitoring environmental policies and interventions to improve walkability, and translating
the outcomes of walkability research from rhetoric to action [27,28]. While numerous indexes exist
(e.g., [29–37]), the Neighborhood Quality of Life Study (NQLS) [38] and Physical Activity in Localities
and Community Environments (PLACE) Study [19] indexes remain the most influential [39]; underpin
a majority of research linking walkability to health behaviours and outcomes, including high body
mass [17]; and are applicable in planning, policy and practice settings [28], which is facilitated by
their capacity to be constructed at multiple spatial resolutions [38,40]. These indexes operationalise
walkability using residential density, street connectivity, land use mix and, if available, retail floor
area ratio, destinations or density within a geographic information system [19,38,40]. Index variables
serve as proxy measures for built environment attributes associated with walking. Land use mix
measures the diversity and concentration of land uses in an area, while intersection density measures
the directness of paths [38]. Compact areas with diverse land uses that are highly connected promote
walking by reducing the distance between origins and destinations [9,19,40]. Similarly, high population
densities provide critical masses that concentrate diverse destinations within compact areas [12,38,40],
and is measured by residential density. The ratio of retail floor area to retail land use is a measure of
pedestrian access, with larger values indicating greater area given to pedestrian uses and less area to
car parking [41].
The extent to which walkability indexes are associated with health outcomes at population
scales is a key consideration in their utility to benchmark and guide planning and policy aimed
at reducing population-levels of overweight and obesity [27,42]. This is because health and
urban planning that influences environmental walkability occurs at local, urban and regional
scales [43,44]; that is, for communities and populations. These meso (neighbourhoods/communities)
and macro (cities) geographic scales are much coarser than typically used in studies to derive built
environment exposure-response evidence [42,45], which mostly focus on individual (micro) level
risk (see reviews by [14–17,22,46]). Measured at the micro-scale, walkability is typically derived
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within a radial or street-based network buffer of 200–1600 metres around a residential address; reflects
the immediate built environment to which an individual is exposed [47,48]; and is preferred for
individual-level research.
In contrast, when measured at meso- and macro-scales, walkability (or sprawl) is usually
calculated within an administrative boundary; represents a contextual variable describing the shared
built environment to which groups, communities and populations are exposed; and is especially
useful for area-level (ecological) research and planning applications [42]. Using individual-level
walkability evidence to inform activity at coarser planning scales has raised concern in the literature
for its potential to result in flawed public health action [49]. This is a concern about atomistic [50] or
individualistic [51] fallacy, which is the area-level corollary of the ecological fallacy and refers to the
erroneous use of data on individuals to make inferences about groups [52].
Analysis at the geographic scale of planning addresses concern about erroneous cross-level
inference [42], and has been identified as highly relevant to “local area” walkability planning because
it produces evidence at the level where decisions are made [43]. Rydin and colleagues have also
identified the need for “urban scale” data to inform planning and policy interventions that maintain
the urban advantage in health outcomes [44]. However, studies that match walkability exposures and
body mass outcomes at these planning scales are uncommon [16,17,46], despite calls from planners
and policy makers for evidence at this level [45,53–55]. What evidence is available at these planning
scales comes largely from ecological analyses in the United States, which have consistently found
higher body mass and prevalence of obesity in sprawling versus compact counties (e.g., [30,53,56–58]).
Compactness at this scale is generally considered synonymous with more walkable environments.
However, sprawl indexes have been criticized for conflating multiple built environment concepts,
and not providing a coherent, unitary measure of walkability [38,40].
Geographic variation in overweight and obesity has been reported within many countries [59],
and needs to be considered in health programming and planning. In addition to identifying areas
at increased risk of adverse health outcomes [59,60], geographic variation in excess of that due to
known factors can indicate place-based influences on health that are distinct to the contextual effects
arising from differences in the demographic, social and economic composition of populations between
areas [61,62]. Spatial analysis is particularly useful in identifying these place-based effects because
it quantifies the contribution of both observed and unobserved factors to geographic variation in
outcomes while accounting for spatial autocorrelation that can lead to biased statistical inference [62].
In this context, geographic variation encompasses more than just differences between areas, which is
well addressed in the body mass literature (e.g., [63–72]). It is also the spatial expression or distribution
of this variation [73]. Spatial analysis is concerned with location [74]. It leverages the underlying
process giving rise to the geographic variation rather than reducing it to a naïve dummy-coded
comparison of areas in the case of fixed-effects analysis, or focusing on reductions in intraclass
correlation coefficients that conflate spatial and non-spatial sources of variation through a common
random effect term as in multilevel analysis [42].
Spatial analysis has the potential to provide unique information on relations between walkability
and high body mass. For example, we have previously reported that physical activity is geographically
structured in Sydney, and that area-level walkability accounts for some of this spatial patterning [42].
The ”disease mapping” approach [75] used in this study also produces smoothed maps that can
be used to communicate spatially varying risks to planners, policy-makers and other interested
stakeholders [42]. Identifying spatial disparities in contextual factors that contribute to adverse health
outcomes at appropriate intervention scales has been identified as essential for informing place-based
interventions aimed at improving population health [76]. Spatial analysis is uniquely placed to
assist in addressing these disparities and environmental inequalities through its capacity to identify
and target geographic areas where environment-related health risks are disproportionately higher
and potentially amenable to intervention [42,77]. However, despite an increasing use of geographic
information systems in the high body mass literature, the application of spatial analysis at any scale
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is rare [78]. For example, only a few area-level studies have used an explicitly spatial approach to
address geographic variation in overweight and obesity [56,59,62,72,79–89]; an even smaller number
have considered built environment influences on this geographic variation [62,81,82,89]; and only one
appears to have evaluated the contribution of walkability to this geographic variation directly [81].
The objective of this study was to build on our previous work in the Sydney statistical
district [39,42] and assess relations between area-level walkability and population-levels of overweight
and obesity using an explicitly spatial approach, and at a geographic scale representative of those
used for “local area” [43] and “urban scale” [44] planning. The specific aims of the study were
to (i) assess area-level associations between walkability and prevalence of overweight and obesity
in Sydney; (ii) assess geographic variation in area-level prevalence of overweight and obesity in
Sydney; and (iii) assess the extent to which area-level walkability accounts for geographic variation in
overweight and obesity in Sydney beyond that due to individual-level demographic, social, economic
and health factors, and area-level socioeconomic disadvantage.
2. Materials and Methods
2.1. Study Design and Area
We investigated associations between area-level walkability and prevalence of overweight and
obesity in the Sydney statistical division of New South Wales, Australia [90], using a cross-sectional
ecological study design, which is appropriate and valid for area-level inference [52]. Sydney has a
land area of 12,142 km2, and was Australia’s most populous city at the 2006 Australian Census with an
estimated resident population of 4.1 million people living in 1.6 million dwellings [91]. We used Census
postal areas as our units of analysis to coincide with the smallest spatial unit at which individual-level
data were geographically identified by the data custodian. In 2006 there were 260 conterminous postal
areas across the Sydney statistical division [92] with median and inter quartile range (IQR) values
for land area of 7.6 (IQR = 3.7–19.4) km2, 5304 (IQR = 2694–8426) residential dwellings, and 13,090
(IQR = 6529–22,092) residents [91]. The median land area of postal areas corresponds to a radial buffer
of 1550 m, which is within the range of buffer sizes for which consistent environment-behaviour
associations have been reported in individual-level studies of walkability [47,48], and is likely a
reasonable analogue of the “local areas” and “urban scales” at which health and urban planning
decisions occur [43,44].
2.2. Participants
Individual-level data used in this study were obtained from participants of The Sax Institute
45 and Up Study [93] approved and monitored by the University of New South Wales Human
Research Ethics Committee (ref no. HREC 05035/HREC 10186). This population-based cohort study
was established to investigate healthy ageing in the New South Wales population aged 45 years
and over [93]. Study recruitment occurred between January 2006 and December 2009 [94] for a
final cohort size of 267,153 participants or approximately 10% of the total New South Wales target
population [95]. Eligible persons were randomly sampled from the the Department of Human Services
(formerly Medicare Australia) enrolment database. Selected individuals were mailed an invitation
letter, and asked to return a signed, written consent form with their baseline survey via reply-paid mail
if they consented to participating in the study [93]. We were provided access to the April 2009 data
release, which the data custodian had geocoded to 2006 Census statistical divisions and postal areas.
We limited our analysis to 115,153 respondents living in the Sydney statistical division to coincide
with the spatial extent of our exposure variable. Our research comprised a sub-study of the Social,
Environmental, and Economic Factors Study approved and monitored by the University of Sydney
Human Research Ethics Committee (ref No. 10-2009/12187). Details on accessing 45 and Up Study
data are available on The Sax Institute website (www.saxinstitute.org.au/our-work/45-up-study).
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2.3. Data
Individual-level data included self-reported responses to the baseline survey of 45 and Up Study
collected between January 2006 and April 2009 [93], which we used to calculate and adjust area-level
outcome variables. Postal area contextual variables comprised the Sydney Walkability Index (SWI) [40]
and 2006 Index of Relative Socioeconomic Disadvantage [96], which we included as study and covariate
factors, respectively.
2.4. Outcome Variable
The primary outcome measures used in our study were self-reported overweight and obesity,
which we defined using the standard body mass index (BMI) formula of weight in kilograms (kg)
over height in metres (m) squared (kg/m2) and World Health Organisation (WHO) cut-points of
25.0–<30.0 kg/m2 for overweight and ≥30.0 kg/m2 for obesity [97]. Self-reported BMI has been
validated against measured BMI as a generally appropriate method for quantifying body size in the 45
and Up Study cohort, although it is known to underestimate prevalence of obesity when classified
using standard BMI categories [98]. Overweight and obesity status were represented as dichotomous
(yes/no) variables for individual-level analyses, and as counts of overweight and obese respondents
within postcodes in area-level analyses.
2.5. Exposure Variable
The exposure variable used for all analyses was postal area walkability, which we measured
using the Sydney Walkability Index [40]. This three-factor index is derived using methods and
data comparable to the PLACE and NQLS walkability index [19,38]. The Sydney Walkability Index
is calculated within a geographical information system using three built environment variables:
residential dwelling density (the number of residential dwellings per square kilometre of residential
land use); intersection density (the number of intersections with three or more roads per square
kilometre of total land area); and land use mix (the entropy of residential, commercial, industrial,
recreational and other land uses). The Sydney Walkability Index was derived at the 2006 postal area
level using 2007 spatial data to temporally align it with the midpoint of the of the 45 and Up Study
baseline data collection.
Environmental variable values are divided into deciles, scored from 1 (lowest) to 10 (highest),
summed to give a total score between 3–30, and then divided into quartiles corresponding to low,
low-medium, medium-high and high walkability [40]. Environmental values increase monotonically
within strata and have median values of 2.3, 13.4, 19.8 and 46 dwellings per hectare for residential
density; 3.4, 46.1, 79.5 and 162.5 intersections per square kilometre for street network connectivity;
and entropies of 0.005, 0.033, 0.056, and 0.134 for land use mix (see [42]). The Sydney Walkability Index
has predictive validity for utilitarian walking, is comparable to four-variable indexes in the research
literature, and is associated with population-levels of moderate and vigorous physical activity [40,42].
Walkability was entered as an index in our analysis for consistency with the interest expressed in
the literature on using “walkability indexes” to benchmark, inform and monitor regional development
plans [27,28], and because the non-parametric functions used in other studies [99–101] to model
index components separately would have made our already computationally-intensive spatial
analyses intractable.
2.6. Covariates
Individual- and area-level factors from the 45 and Up Study and substantive literature likely
to contribute to, or confound, associations between walkability and body mass were included as
covariates in our analysis (see [102–113]). Individual-level covariates included self-reported sex;
five-year age group at baseline interview; language spoken at home; educational level; relationship
status; employment status; health insurance type; level of psychosocial distress measured using the
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Kessler Psychological Distress Scale [114] (minor, moderate, high, very high [115–117]); smoking status;
number of chronic conditions ever diagnosed and treated in the previous four weeks; and functional
capacity, which was measured using the Medical Outcomes Study (MOS) 36-Item Short-Form Health
Survey (SF-36) physical functioning scale [118,119] and classified as none (0 to <60), minor (60 to <90),
moderate (90 to <100), and severe (100) [120]. Postal area socioeconomic disadvantage was measured
using the Index of Relative Socio-economic Disadvantage from the 2006 Australian Census [96]. We did
not include physical activity in our analysis because it likely mediates relations between the built
environment and high body mass [8,14–17].
2.7. Statistical Analysis
The objective of our analysis was to assess relations between walkability and the prevalence
and geographic distribution of overweight and obesity in the Sydney statistical district at a scale
analogous to those at which health and urban planning decisions are made. This objective is
appropriately addressed by an ecological (spatial) analysis because the targets of inference are areas,
not individuals [52]. We have previously identified high levels of spatial autocorrelation in 45 and
Up Study data that have both research and planning utility, and the potential to bias inference if
not addressed in the analysis [42]. Multilevel models can account for spatial autocorrelation but
typically conflate spatial and non-spatial variation through a common variance component [42].
We therefore explicitly modelled the underlying spatial and non-spatial sources of variation in our
data using a relative risk implementation of the ecological Besag, York and Mollié (BYM) conditional
auto regressive model.
The BYM is a fully Bayesian ecological spatial model fit to aggregate data, which is commonly used
in epidemiology for “disease mapping” applications [75]. The goal of disease mapping is to recover a
map displaying variation in the geographic distribution of risks for spatial units within a study area
that is “smoothed” of extreme and unreliable estimates that can arise from differences between units
in the sizes of their underlying populations [75]. This is achieved in the BYM model by decomposing
map variation into an unstructured variance component that smooths risk estimates towards the global
mean of the study area, and a spatially structured (geographic) variance component that smooths risk
estimates towards the local mean of contiguous spatial units [75,121]. These components also indicate
the extent to which map variation is due to structured (spatial) and unstructured (non-spatial) factors.
The BYM model can be extended to ecological regression problems by incorporating area-level
covariates into its specification [75], but it cannot parsimoniously control for individual-level factors
that may confound area-level effect estimates. We therefore used a two stage modelling strategy
adopted by other researchers in the epidemiological literature whereby individual-level regression
models are used to estimate expected cases for each outcome, which are then used as offset terms
in area-level spatial analyses to adjust for the varying size and composition of populations between
spatial units (see [39,42,122–124]).
In the first step, we estimated the predicted log odds (lij) of overweight and obesity for individuals
using conditional fixed-effects logistic regression models:
lˆij = α+ xiβ (1)
where lˆij is the predicted log odds of being either overweight or obese for the ith person in the jth
postal area, α is the model intercept, and xiβ is an optional vector of individual-level covariates. We fit
two models for each outcome: (1) an unadjusted null model with no covariates; and (2) an adjusted
model including all individual-level covariates described previously. The log odds for individuals
from each model were converted to a predicted probability using the inverse link function:
Yˆij =
elij
1+ elij
(2)
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We then summed these probabilities within each postal area to obtain the expected number of cases
for each outcome based on (1) the prevalence in the study area from unadjusted logistic regression
estimates; and (2) the underlying respondent structure of our sample from adjusted logistic regression
estimates (see [39,42,122–124]). These expected case counts were used as offsets in the spatial Poisson
regressions described in step 2, and are referred to as unadjusted and adjusted offsets, respectively.
In the second step, we used relative risk implementations of the BYM model with Poisson
likelihoods to estimate prevalence ratios for postal areas relative to the study area [125]. The BYM
model is a fully Bayesian spatial model fit to aggregate data that decomposes total variation into
observed and unobserved sources [75,121] using:
log(θj) = α+ xjβ+ sj + uj + log(ej) (3)
where θj is the prevalence ratio for the jth postal area; α is the prevalence ratio for the study area; xj
and β are vectors of observed area-level explanatory variables and associated regression parameters
estimates; sj and uj are unobserved spatially structured and unstructured random effects; and ej is
an offset term representing the expected number cases in the jth area. The unstructured variance
(uj) is a normal independent and identically distributed residual, while the spatial variance (sj) is
conditionally normally distributed on the mean prevalence of the surrounding k contiguous postal
areas [75]. Model offsets (ej) corresponded to those derived for postal areas in step one, and were
either unadjusted or adjusted for individual-level factors.
The total count of overweight and obese respondents (oj) in each postal area served as the
dependent variable in each model. We fit six BYM spatial regressions for each outcome: (1) a null
model with unadjusted offsets; (2) a null model with adjusted offsets; (3) a covariate model with
adjusted offsets and postal area walkability; (4) a covariate model with adjusted offsets and postal area
socioeconomic disadvantage; (5) a covariate model with adjusted offsets and postal area walkability
and socioeconomic disadvantage, and (6) an effect modification model with adjusted offsets, postal
area walkability and socioeconomic disadvantage, and their interaction. A total of 10,000 draws from
the posterior distributions of two Monte Carlo Markov Chains sampled every 250th iteration were used
to obtain medians and 95% credible intervals for each model. Chain convergence was assessed using
autocorrelation plots and the Gelman-Rubin diagnostic [126]. We chose between alternate models
using the Deviance Information Criterion (DIC) [127], and mapped exponentiated linear predictors
and variance estimates using quintiles to visualise geographic variation in risk of high body mass.
The spatial fraction (ρ) for each model was calculated from the marginal variances of the random
effects, and used to index the proportion of residual variation due to unobserved spatial factors
(i.e., σ2s /[σ2s + σ2u ]) (see [128,129]). Models were fit in WinBUGS 1.4.3 using R 3.3.2 and unweighted
survey data, which produce unbiased, representative and generalisable relative effect estimates for
individual- and area-level analyses in this cohort [42,130,131].
3. Results
Complete data were available for 92,157 of 115,153 (80.0%) Sydney respondents residing in 254 of
260 (97.7%) study postal areas. The median number of respondents per postal area was 212, and ranged
from 0 to 2532 with an inter-quartile range of 110–363. Individual-level attributes for respondents
included in analyses are shown in the Characteristics section of Table 1. Consistent with the larger 45
and Up Study cohort [132], our sample had a similar gender and employment profile to the study area
but was otherwise younger, more highly educated, less likely to speak a language other than English
at home, and more likely to be living with a partner than the general Sydney population aged 45 years
and over [91].
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Table 1. Sample characteristics and prevalence of overweight and obesity among study participants.
Variable
Characteristics Prevalence
Overweight Obesity
N % n % n %
AREA-LEVEL VARIABLES
Walkability
Low 25,454 27.6 10,150 52.9 6251 40.8
Low-medium 31,404 34.1 12,380 50.0 6655 35.0
Medium-high 19,449 21.1 7543 47.2 3454 29.0
High 15,850 17.2 5861 44.0 2516 25.2
Socioeconomic disadvantage
Q1 - Most 17,425 18.9 6697 52.1 4559 42.5
Q2 19,517 21.2 7579 51.7 4847 40.6
Q3 - Middling 14,984 16.3 5877 49.4 3082 33.8
Q4 19,982 21.7 7938 47.8 3392 28.2
Q5 - Least 20,249 22.0 7843 45.5 2996 24.1
INDIVIDUAL-LEVEL VARIABLES
Sex
Male 44,690 48.5 20,802 58.1 8912 37.3
Female 47,467 51.5 15,132 40.3 9964 30.8
Age
45–49 13,550 14.7 4871 45.1 2761 31.8
50–54 16,723 18.1 6188 47.4 3665 34.8
55–59 16,717 18.1 6568 51.2 3885 38.3
60–64 13,742 14.9 5696 53.7 3136 39.0
65–69 10,188 11.1 4297 54.0 2227 37.8
70–74 6910 7.5 2969 53.3 1341 34.0
75–79 4999 5.4 2047 49.0 820 27.8
80–84 6614 7.2 2513 43.2 801 19.5
85+ 2714 2.9 785 31.7 240 12.4
Language spoken at home
English 78,028 84.7 30,768 49.9 16,330 34.6
Other 14,129 15.3 5166 44.6 2546 28.4
Education level
Less than secondary school 7434 8.1 2704 50.6 2086 44.1
Secondary school graduation 26,741 29.0 10,171 49.2 6052 36.5
Trade, certificate or diploma 28,932 31.4 11,814 51.8 6143 35.9
University degree 29,050 31.5 11,245 46.0 4595 25.8
Relationship status
Partner 68,759 74.6 27,826 50.7 13,863 33.9
No partner 23,398 25.4 8108 44.1 5013 32.8
Employment status
Full-time work 32,716 35.5 13,622 53.5 7246 37.9
Part-time work 13,177 14.3 4418 41.0 2408 27.5
Other work 1358 1.5 426 39.6 281 30.2
Not working 44,906 48.7 17,468 48.6 8941 32.6
Health insurance type
Private with extras 54,218 58.8 21,751 50.1 10,830 33.4
Private without extras 12,961 14.1 5058 47.2 2255 28.5
Government health care card 11,993 13.0 4351 47.8 2881 37.7
None 12,985 14.1 4774 47.4 2910 35.4
Smoking status
Never smoked 54,117 58.7 20,518 46.6 10,072 30.0
Past smoker 31,639 34.3 13,145 54.2 7397 40.0
Current smoker 6401 6.9 2271 45.5 1407 34.1
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Table 1. Cont.
Variable
Characteristics Prevalence
Overweight Obesity
N % n % n %
Psychosocial distress
Low 70,218 76.2 27,960 49.1 13,318 31.5
Moderate 14,573 15.8 5433 49.0 3475 38.0
High 5152 5.6 1828 48.4 1375 41.4
Very high 2214 2.4 713 47.3 708 47.2
Diagnosed chronic conditions
0 31,297 34.0 11,955 44.1 4218 21.8
1 36,917 40.1 14,726 50.2 7560 34.1
2 18,186 19.7 7145 54.4 5040 45.6
3 or more 5757 6.2 2108 57.0 2058 56.4
Treated chronic conditions
0 41,580 45.1 15,904 45.5 6590 25.7
1 30,121 32.7 12,141 51.3 6448 35.9
2 14,524 15.8 5721 53.5 3835 43.6
3 or more 5932 6.4 2168 55.2 2003 53.2
Limited physical functioning
None 32,392 35.1 12,656 44.4 3908 19.8
Minor 25,125 27.3 10,628 52.4 4838 33.4
Moderate 20,316 22.0 7801 52.8 5555 44.4
Severe 14,324 15.5 4849 49.7 4575 48.3
SENSITIVITY VARIABLES
Total physical activity
0 min 5478 5.9 1868 50.9 1807 50.1
1–149 min 15,365 16.7 5895 52.1 4053 42.8
150–299 min 15,833 17.2 6241 50.5 3468 36.2
≥300 min 55,481 60.2 21,930 47.7 9548 28.5
N—Stratum total, n—Stratum outcome frequency, %—Stratum outcome per cent.
3.1. Prevalence Overweight and Obesity
The within-cohort prevalence of overweight and obesity were 49.0% (48.7–49.4%) and 33.6%
(33.2–34.0%), respectively. Table 1 reports prevalence by area- and individual-level characteristics.
Prevalence of both overweight and obesity were highest in postal areas with low walkability,
lowest in postal areas with high walkability, and displayed a exposure-response gradient.
Likewise, overweight and obesity reduced with reducing levels of postal area socioeconomic
disadvantage. For individual-level factors, overweight and obesity were more prevalent in males,
persons speaking English at home or living with a partner, less educated individuals and full-time
workers, persons without private health insurance, and past smokers; and increased with age to
65–69 years, psychosocial distress, number of diagnosed and treated chronic health conditions, and
reduced functional capacity.
3.2. Individual-Level Factors
Table 2 shows adjusted fixed-effects estimates for overweight and obesity used to derive adjusted
offsets for postal area spatial models. All effects were significantly associated with body mass
outcomes and mostly consistent with the prevalence patterns reported in Table 1. The stand-out
exception was a reversal in gradient between obesity and psychosocial distress from positive to
negative after adjustment. This was due to confounding by functional capacity, which was both an
independent risk factor for obesity (see Table 2) and strongly associated with psychosocial distress
(χ29 = 4072.4, p < 0.0001). Other notable differences following adjustment were relationship status,
which was unrelated to either overweight or obesity; age, which became associated with monotonically
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decreasing odds of obesity across the lifespan; and smoking status, which became associated with
reduced odds of obesity for current compared to non smokers.
Table 2. Adjusted odds ratios for individual-level analyses of overweight and obesity.
Overweight Obese
OR 95% CI OR 95% CI
Sex p < 0.0001 p < 0.0001
Male 1.00 1.00
Female 0.47 0.46–0.49 0.62 0.59–0.64
Age p < 0.0001 p < 0.0001
45–49 1.00 1.00
50–54 1.00 0.95–1.05 0.94 0.88–1.00
55–59 1.07 1.01–1.13 0.90 0.84–0.97
60–64 1.08 1.02–1.15 0.76 0.70–0.82
65–69 1.00 0.93–1.07 0.59 0.54–0.65
70–74 0.87 0.81–0.94 0.39 0.35–0.43
75–79 0.66 0.60–0.72 0.23 0.21–0.26
80–84 0.50 0.46–0.54 0.12 0.11–0.14
85+ 0.31 0.28–0.35 0.06 0.05–0.07
Language spoken at home p < 0.0001 p < 0.0001
English 1.00 1.00
Other 0.81 0.78–0.84 0.72 0.68–0.77
Education level p < 0.0001 p < 0.0001
Less than secondary school 1.53 1.43–1.63 2.47 2.28–2.67
Secondary school graduation 1.35 1.29–1.40 1.77 1.67–1.86
Trade, certificate or diploma 1.27 1.22–1.32 1.54 1.46–1.62
University degree 1.00 1.00
Relationship status p < 0.0001 p = 0.1285
Partner 1.00 1.00
No partner 0.89 0.86–0.92 0.96 0.92–1.01
Employment status p < 0.0001 p < 0.0001
Full-time work 1.00 1.00
Part-time work 0.75 0.71–0.79 0.61 0.57–0.65
Other work 0.72 0.64–0.82 0.61 0.52–0.71
Not working 0.78 0.75–0.82 0.66 0.62–0.70
Health insurance type p < 0.0001 p < 0.0001
Private with extras 1.00 1.00
Private without extras 0.90 0.86–0.94 0.83 0.78–0.88
Government health care card 0.94 0.89–0.99 1.02 0.96–1.09
None 0.91 0.87–0.95 0.99 0.93–1.05
Smoking status p < 0.0001 p < 0.0001
Never smoked 1.00 1.00
Past smoker 1.17 1.13–1.21 1.28 1.23–1.34
Current smoker 0.78 0.74–0.84 0.73 0.68–0.79
Psychosocial distress p < 0.0001 p < 0.0001
Low 1.00 1.00
Moderate 0.94 0.90–0.98 0.91 0.86–0.96
High 0.88 0.82–0.95 0.82 0.76–0.89
Very high 0.83 0.74–0.92 0.88 0.78–1.00
Diagnosed chronic conditions p < 0.0001 p < 0.0001
0 1.00 1.00
1 1.19 1.15–1.24 1.58 1.51–1.66
2 1.35 1.29–1.42 2.13 2.01–2.27
3 or more 1.48 1.37–1.60 2.69 2.46–2.93
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Table 2. Cont.
Overweight Obese
OR 95% CI OR 95% CI
Treated chronic conditions p < 0.0001 p < 0.0001
0 1.00 1.00
1 1.22 1.18–1.27 1.47 1.40–1.54
2 1.38 1.31–1.45 1.89 1.77–2.01
3 or more 1.57 1.45–1.69 2.48 2.27–2.71
Limited physical functioning p < 0.0001 p < 0.0001
None 1.00 1.00
Minor 1.36 1.30–1.41 2.10 1.99–2.21
Moderate 1.58 1.51–1.65 3.77 3.56–4.00
Severe 1.61 1.52–1.70 5.31 4.96–5.68
OR—Odds ratio, CI—Confidence interval.
3.3. Spatial Analysis
Tables 3 and 4 report parameter estimates and diagnostics for spatial regressions fit to overweight
and obesity data. Smoothed prevalance ratios for postal areas from unadjusted null models ranged
from 0.83–1.16 for overweight and 0.46–1.68 for obesity. Variation in risks between postal areas
was principally due to unobserved spatial factors, with >96% of residual variation attributed to the
spatial variance component for both overweigtht and obesity (see spatial fractions for Model 1 in
Tables 3 and 4). Adjusting for individual-level factors (Model 2) attenuated the ranges of smoothed
prevalence ratios to 0.88–1.08 for overweight and 0.63–1.23 for obesity, but had little effect on the
proportions of residual variation from spatial sources, which remained high at >93% for both outcomes.
Univariable parameter estimates for area-level associations including walkability and socioeconomic
disadvantage are shown in the Model 3 and 4 columns of Tables 3 and 4. Risk ratios for walkability
indicated consistent exposure gradients for both outcomes, with prevalence of overweight reduced
by 4% and 9% and obesity by 8% and 11% in medium-high and high versus low walkability postal
areas. Likewise, high body mass reduced monotonically with decreasing socioeconomic disadvantage.
Overweight was 6% lower in the least versus most disadvantaged postal areas, and obesity was 11%
and 9% lower in the least and second-to-least versus most disadvantaged postal areas. Fully-adjusted
spatial regressions including individual- and area-level factors (Model 5) had the lowest DIC values
and were the best fitting models for both outcomes (see DIC row in Tables 3 and 4). Prevalence
ratios for socioeconomic disadvantage in these models were largely unaffected; however, gradients
for area-level walkability strengthened with overweight 6% and 10% lower and obesity 11% and
15% lower in medium-high and high versus low walkability postcodes. These fully-adjusted spatial
models also had the smallest amounts of residual spatial variation, with 67% of unexplained model
variation attributed to unobserved spatial factors for overweight and 90% for obesity. Interaction
analyses (Models 6) provided no evidence that the observed associations between walkability and
overweight (DICM6 − DICM5 = 18.21) or obesity (DICM6 − DICM5 = 12.12) were modified by postal
area socioeconomic disadvantage.
311
C. PUBLISHED VERSIONS OF PAPERS INCLUDED IN THIS THESIS
In
t.
J.
En
vi
ro
n.
R
es
.P
ub
lic
H
ea
lth
20
19
,1
6,
66
4
12
of
29
Ta
bl
e
3.
Sp
at
ia
lr
eg
re
ss
io
n
su
m
m
ar
ie
s
fo
r
po
st
al
ar
ea
an
al
ys
es
of
as
so
ci
at
io
ns
be
tw
ee
n
ov
er
w
ei
gh
t,
w
al
ka
bi
lit
y
an
d
re
la
ti
ve
so
ci
oe
co
no
m
ic
di
sa
dv
an
ta
ge
.
M
od
el
1
M
od
el
2
M
od
el
3
M
od
el
4
M
od
el
5
In
di
vi
du
al
-l
ev
el
ad
ju
st
m
en
t
N
o
Ye
s
Ye
s
Ye
s
Ye
s
Pr
ev
al
en
ce
ra
tio
s
(9
5%
C
rI
)
C
on
st
an
t
0.
99
(0
.9
8–
1.
00
)
1.
00
(0
.9
8–
1.
01
)
1.
03
(1
.0
0–
1.
06
)
1.
01
(0
.9
9–
1.
04
)
1.
07
(1
.0
2–
1.
11
)
W
al
ka
bi
lit
y
Lo
w
–
–
1.
00
–
1.
00
Lo
w
-m
ed
iu
m
–
–
0.
98
(0
.9
5–
1.
01
)
–
0.
98
(0
.9
5–
1.
01
)
M
ed
iu
m
-h
ig
h
–
–
0.
96
(0
.9
2–
1.
00
)
–
0.
94
(0
.9
1–
0.
98
)
H
ig
h
–
–
0.
91
(0
.8
7–
0.
97
)
–
0.
90
(0
.8
6–
0.
94
)
So
ci
oe
co
no
m
ic
di
sa
dv
an
ta
ge
Q
1
-M
os
t
–
–
–
1.
00
1.
00
Q
2
–
–
–
1.
01
(0
.9
7–
1.
05
)
1.
01
(0
.9
7–
1.
04
)
Q
3
-M
id
dl
in
g
–
–
–
0.
99
(0
.9
5–
1.
03
)
0.
99
(0
.9
5–
1.
03
)
Q
4
–
–
–
0.
97
(0
.9
3–
1.
01
)
0.
97
(0
.9
3–
1.
00
)
Q
5
-L
ea
st
–
–
–
0.
94
(0
.9
0–
0.
99
)
0.
93
(0
.8
9–
0.
97
)
M
od
el
di
ag
no
st
ic
s
pD
55
.7
3
37
.4
8
33
.6
4
35
.0
5
27
.0
1
D
IC
18
32
.7
7
17
87
.6
7
17
87
.1
2
17
87
.8
5
17
82
.7
0
Sp
at
ia
lf
ra
ct
io
n
0.
96
5
0.
93
2
0.
88
2
0.
90
0
0.
67
3
C
rI
—
cr
ed
ib
le
in
te
rv
al
,p
D
—
ef
fe
ct
iv
e
pa
ra
m
et
er
s,
D
IC
—
D
ev
ia
nc
e
In
fo
rm
at
io
n
C
ri
te
ri
on
.M
od
el
1—
nu
ll
m
od
el
w
ith
ex
pe
ct
ed
ca
se
s
pr
op
or
tio
na
lt
o
th
e
ov
er
al
lp
re
va
le
nc
e.
M
od
el
2—
nu
ll
m
od
el
w
it
h
ex
pe
ct
ed
ca
se
s
ad
ju
st
ed
fo
r
in
d
iv
id
ua
l-
le
ve
lf
ac
to
rs
.M
od
el
3—
M
od
el
2
+
Sy
d
ne
y
W
al
ka
bi
lit
y
In
d
ex
.M
od
el
4—
M
od
el
2
+
In
d
ex
of
R
el
at
iv
e
So
ci
oe
co
no
m
ic
D
is
ad
va
nt
ag
e.
M
od
el
5—
M
od
el
3
+
In
de
x
of
R
el
at
iv
e
So
ci
oe
co
no
m
ic
D
is
ad
va
nt
ag
e
312
C3. AREA-LEVEL WALKABILITY AND THE GEOGRAPHIC DISTRIBUTION OF HIGH BODY MASS IN SYDNEY
In
t.
J.
En
vi
ro
n.
R
es
.P
ub
lic
H
ea
lth
20
19
,1
6,
66
4
13
of
29
Ta
bl
e
4.
Sp
at
ia
lr
eg
re
ss
io
n
su
m
m
ar
ie
s
fo
r
po
st
al
ar
ea
an
al
ys
es
of
as
so
ci
at
io
ns
be
tw
ee
n
ob
es
it
y,
w
al
ka
bi
lit
y
an
d
re
la
ti
ve
so
ci
oe
co
no
m
ic
di
sa
dv
an
ta
ge
.
M
od
el
1
M
od
el
2
M
od
el
3
M
od
el
4
M
od
el
5
In
di
vi
du
al
-l
ev
el
ad
ju
st
m
en
t
N
o
Ye
s
Ye
s
Ye
s
Ye
s
Pr
ev
al
en
ce
ra
tio
s
(9
5%
C
rI
)
C
on
st
an
t
0.
95
(0
.9
3–
0.
97
)
0.
96
(0
.9
5–
0.
98
)
1.
02
(0
.9
7–
1.
08
)
1.
01
(0
.9
6–
1.
05
)
1.
10
(1
.0
2–
1.
17
)
W
al
ka
bi
lit
y
Lo
w
–
–
1.
00
–
1.
00
Lo
w
-m
ed
iu
m
–
–
0.
97
(0
.9
1–
1.
02
)
–
0.
96
(0
.9
1–
1.
01
)
M
ed
iu
m
-h
ig
h
–
–
0.
92
(0
.8
5–
0.
99
)
–
0.
89
(0
.8
3–
0.
96
)
H
ig
h
–
–
0.
89
(0
.8
0–
0.
99
)
–
0.
85
(0
.7
8–
0.
94
)
So
ci
oe
co
no
m
ic
di
sa
dv
an
ta
ge
Q
1
-M
os
t
–
–
–
1.
00
1.
00
Q
2
–
–
–
1.
03
(0
.9
8–
1.
09
)
1.
02
(0
.9
7–
1.
08
)
Q
3
-M
id
dl
in
g
–
–
–
0.
97
(0
.9
2–
1.
03
)
0.
97
(0
.9
1–
1.
03
)
Q
4
–
–
–
0.
91
(0
.8
5–
0.
97
)
0.
90
(0
.8
5–
0.
96
)
Q
5
-L
ea
st
–
–
–
0.
88
(0
.8
2–
0.
95
)
0.
85
(0
.7
9–
0.
92
)
M
od
el
di
ag
no
st
ic
s
pD
12
8.
60
72
.3
6
70
.9
9
63
.0
2
56
.7
9
D
IC
17
94
.8
8
17
11
.2
6
17
12
.9
0
17
05
.2
6
17
03
.0
0
Sp
at
ia
lf
ra
ct
io
n
0.
99
2
0.
98
5
0.
98
1
0.
97
8
0.
96
1
C
rI
—
cr
ed
ib
le
in
te
rv
al
,p
D
—
ef
fe
ct
iv
e
pa
ra
m
et
er
s,
D
IC
—
D
ev
ia
nc
e
In
fo
rm
at
io
n
C
ri
te
ri
on
.M
od
el
1—
nu
ll
m
od
el
w
ith
ex
pe
ct
ed
ca
se
s
pr
op
or
tio
na
lt
o
th
e
ov
er
al
lp
re
va
le
nc
e.
M
od
el
1—
nu
ll
m
od
el
w
it
h
ex
pe
ct
ed
ca
se
s
pr
op
or
ti
on
al
to
th
e
ov
er
al
lp
re
va
le
nc
e.
M
od
el
3—
M
od
el
2
+
Sy
d
ne
y
W
al
ka
bi
lit
y
In
d
ex
.M
od
el
4—
M
od
el
2
+
In
d
ex
of
R
el
at
iv
e
So
ci
oe
co
no
m
ic
D
is
ad
va
nt
ag
e.
M
od
el
5—
M
od
el
3
+
In
de
x
of
R
el
at
iv
e
So
ci
oe
co
no
m
ic
D
is
ad
va
nt
ag
e.
313
C. PUBLISHED VERSIONS OF PAPERS INCLUDED IN THIS THESIS
Int. J. Environ. Res. Public Health 2019, 16, 664 14 of 29
3.4. Prevalence Maps
Figures 1 and 2 graphically display smoothed prevalence ratios for overweight and obesity
obtained from spatial models 1 (unadjusted null model), 2 (adjusted null model) and 5 (adjusted model
with walkability and socioeconomic disadvantage). Total excess prevalence is shown in Maps A, D and
G, and decomposed into excess risk due to spatial factors in maps B, E and H, and unstructured factors
in maps C, F and I. Two features stand-out in each set of maps. First, residual prevalence is principally
due to unobserved place-based factors, with higher ratios in spatial (B, E and H) versus unstructured
(C, F and I) maps; and second, this geographic variation in risk reduces as individual- (Model 2)
and area-level (Model 5) factors are added to spatial models. In unadjusted (Model 1) and adjusted
(Model 2) null models, higher-than-expected prevalence was concentrated in western Sydney, and
lower-than-expected prevalence in central and eastern Sydney. Including area-level walkability and
relative socioeconomic disadvantage (Model 5) substantially attenuated excess prevalence by reducing
excess risk attributable to unobserved spatial factors (see maps G and H of Figures 1 and 2). Final
excess prevalence estimates were reduced in western Sydney and the peri-urban fringe for both
overweight and obesity; and remained higher-than-expected for obesity through south-central Sydney,
and lower-than-expected for both outcomes on the eastern seaboard north of the Sydney central
business district.
Figure 1. Total, Spatial and Unstructured prevalence ratios for overweight body mass in Sydney postal
areas. Total prevalence ratios are derived by exponentiating the sum of spatial (s) and unstructured (u)
random effects; Spatial and Unstructured prevalence ratios are obtained by exponentiating individual
s and u components, respectively. Total, Spatial, and Unstructured prevalence ratio estimates are
reported in maps (A–C) for Model 1, maps (D–F) for Model 2, and maps (G–I) for Model 5.
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Figure 2. Total, Spatial and Unstructured prevalence ratios for obese body mass in Sydney postal
areas. Total prevalence ratios are derived by exponentiating the sum of spatial (s) and unstructured (u)
random effects; Spatial and Unstructured prevalence ratios are obtained by exponentiating individual
s and u components, respectively. Total, Spatial, and Unstructured prevalence ratio estimates are
reported in maps (A–C) for Model 1, maps (D–F) for Model 2, and maps (G–I) for Model 5.
4. Discussion
This is one of only a small number of studies to examine geographic variation in high body
mass and its association with environmental walkability using a large population-derived cohort and
spatial analytic framework. We find strong support for associations between postal area walkability
and area-levels of overweight and obesity among persons aged 45 years and over living in Sydney,
Australia. Prevalence in postal areas with medium-high and high walkability is reduced by 6% and
10% for overweight and 11% and 15% for obesity compared to postal areas with low walkability,
and are independent of individual-level social, economic and health status factors, and area-level
socioeconomic disadvantage. We also find that both overweight and obesity are geographically
clustered at the postal area level with lowest prevalence in and to the north of the central business
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district, and highest prevalence in western Sydney. Postal area walkability explains approximately 20%
and 9% of this geographic variation in overweight and obesity, respectively, that is not attributable to
individual-level factors and area-level socioeconomic disadvantage. Our findings confirm associations
between high body mass and walkability at spatial scales typical of those used for public health
planning; highlight the potential for spatial analysis to better integrate “place” into walkability research;
and provide novel methods and data for New South Wales Government initiatives aimed at creating
built environments that support active transportation and promote healthy lifestyles, and monitoring
these initiatives.
Despite some limitations, the existing built environment evidence base appears sufficiently
developed to inform interventions aimed at addressing high body mass at individual and population
levels [13]. A recent review concluded that the strongest evidence is for meso- and macro-level
correlates, and identifies urban sprawl, land use mix, street connectivity, population density, and
proximity to services and destinations as the important environmental characteristics at these levels [17].
Walkability indexes combine many of these key environmental variables into summary metrics that
can be easily implemented at multiple spatial scales for planning purposes [19,27,28,40]. Our study is
novel because it directly addresses exposure-outcome relations at a geographic scale more proximal to
those typically used by government agencies for population-level health and urban planning [43–45].
We observed that higher levels of postal area walkability measured by our index were associated with
lower prevalence of overweight and obesity in postal area populations aged ≥45 years, even after
adjusting for other individual- and area-level characteristics related to body mass. These findings
coincide with the small but consistent body of area-level findings that increased body mass and
prevalence of obesity are associated with greater urban sprawl (see review by [17]), and extend recent
individual-level associations between walkability and body mass [133–137] to populations and the
spatial scales at which health and urban planning decisions are made. Our study also provides new
evidence on the potential of tools like the Sydney Walkability Index [40] to benchmark, inform and
monitor health and urban planning activities aimed at reducing population-levels of overweight
and obesity. This will have relevance in the Australian context where open-access tools have been
developed that allow researchers and planners to calculate NQLS-PLACE index values at mutiple
spatial scales (see [28,138]).
Action to address overweight and obesity should target populations of greatest need [59,60].
However, it is unlikely that at-risk groups will be uniformly distributed across an area such as the
Sydney statistical district [88]. Spatial analysis is especially useful in this regard with its ability to
identify geographic locations with higher (or lower) than expected rates of overweight and obesity,
and whether this variation is explained by, or in addition to, factors known to influence the distribution
of health, such as demographic and socioeconomic characteristics [61]. We observed very strong
clustering of overweight and obesity through central Sydney that was due to unobserved and spatially
structured factors, and which contributed the majority of excess risk. Including individual-level
demographic, social, economic and health status factors in our analysis attenuated excess prevalence
of high body mass and reduced spatial variance but had little effect on outcome clustering across the
study region. This is consistent with Canadian findings that individual-level variables were important
correlates of within-region variation but explained little between-area geographic variation [85].
In contrast, adding postal-area walkability and socioeconomic disadvantage to our models reduced
area-level clustering of overweight and, to a lesser extent, obesity. However, our final maps remained
weakly clustered. This residual variation could suggest the presence of other unobserved spatial
factors structuring the residual prevalence of high body mass in our study area. Identifying these
additional factors was beyond the aims of our study but may include greenspace, access to shops
and services, aesthetics, the food environment, and proximity to public transport [7,8,13,62]. It is also
possible that some of this residual variation is due to residual confounding of associations between
walkability and high body mass by sociodemographic factors. For example, Frank and colleagues have
reported that features of walkable neighbourhoods are associated with lower overweight in males
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but greater overweight in females without a degree, and with lower obesity in men with a degree
but higher obesity in unemployed non-white men without a degree and white women without a
degree [139]. Likewise, there is some evidence that higher body mass is negatively associated with
features of walkable neighbourhoods in high socioeconomic communities, and positively associated in
low socioeconomic minority communities [140]. Future spatial studies employing our approach should
consider alternate adjustment techniques to account for this possibility; for example, by calculating
offsets using a logistic machine learning classifier.
Our findings are consistent with a growing evidence base indicating geographic variation at
multiple spatial scales in the distribution of overweight and obesity that have relevance for health,
urban and transport planning [56,59,62,79–89], although only a few studies have investigated built
environment correlates of this variation within a geospatial context [62,81,82]. While Shuurman
and colleagues were unable to assess whether population density—included in most walkability
indexes—patterned obesity in Metro Vancouver because obesity itself did not cluster in their study
area [82], Congdon has reported that not only are obesity rates 13–20% higher in sprawling versus
compact US counties—an effect size similar to that obtained for physical inactivity, but that adding
environmental measures to spatial models of county-level obesity prevalence reduced unexplained
spatial variation by 22%. Lathey et al. have also examined associations between obesity rates and
sprawl factors, including walkability, for census blocks in Maricopa County, Arizona [81]. They defined
walkability as accessibility to places of social interaction, and found it was the strongest model predictor
of being in a ”high disease” obesity cluster with odds halved for the most versus least walkable census
blocks [81]. Cluster membership was also associated with residential and commercial land use, and
street connectivity, although effect sizes were very small [81]. Unfortunately, the focus on correlates of
cluster membership reduces the analysis to a consideration of between-group differences, which is
not especially informative geographically. Our study adds to the evidence base by its explicit focus
on walkability and its contribution to geographical variation in high body mass at the spatial scales
where health and urban planning decisions are made. We found effect sizes for walkability that
were meaningful at population-scales [10], and sizable reductions in unexplained spatial variation
comparable to other area-level spatial analyses [62].
Despite substantial reductions in unexplained variation due to spatially structured factors of
93.6% for overweight and 89.1% for obese, we observed little impact on spatial fractions except for
overweight model 5, which reduced from ≥88.2% (models 1–4) to 67.3%. This is not surprising
given the unstructured variance reduced by just 12.9% for overweight and 46.1% for obesity over the
range of models fitted; with most of this decrease occurring between models 1 and 2 when we first
adjusted for individual-level factors. Lunn et al. have noted that either the spatial (s) or unstructured
(u) variance component will typically dominate the other in practical implementations of the Besag,
York and Mollié model but will only be apparent once the posterior distributions of the components
are examined [141]. A key strength of the Besag, York and Mollié model is its robustness to spatial and
non spatial variation, and will produce unbiased parameter and variance estimates in the absence of
either [142]. The large residual spatial fractions from our analyses also suggests the likely existence of
additional geographically distributed factors related to overweight and obesity within in the Sydney
Statistical Division.
The geographic variation observed in our data and reported in the substantive literature
highlight the importance of appropriately controlling for spatial autocorrelation at analysis [39,42,61].
Spatial autocorrelation is problematic for standard regression methods that assume model residuals are
independently and identically distributed (IDD), and its violation may result in biased inference [143].
Clustering is most typically handled by multilevel models that conflate unexplained spatial and
non-spatial variation into a single random effect error term [42]. This approach addresses the issue
of spatial autocorrelation; however, the potential value of the spatial variation for informing health
planning is lost in the process. We have consistently identified variation in health risk-factors and
outcomes in the Sydney region using 45 and Up Study data that indicate geographic areas with excess
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risk attributable to unobserved and spatially structured factors [39,42]. For example, we have reported
variation in physical activity [42] and psychosocial distress [39] that indicates excess risk due to
unobserved and spatially structured factors in addition to that attributable to observed individual-level
factors, and postal area walkability and relative socioeconomic disadvantage. Pattenden and colleagues
contend that outcome variation in excess of socioeconomic factors may indicate opportunities to
address disparities in health status [61], while Fitzpatrick et al highlight its potential role in suggesting
causal pathways [144]. We believe our approach is helpful because it not only locates inequalities in
the geographic distribution of risk but also quantifies that attributable to known factors that may, or
may not, be amenable to intervention, and to unknown factors requiring further investigation.
We observed statistically significant associations between most individual-level covariates
and body mass outcomes in all fixed-effects models used to derive offset terms in spatial models.
Consistent with our previous work on physical activity [42] and psychosocial distress [39] in this
cohort, we observed strong positive associations between prevalence of high body mass and numbers
of chronic care conditions ever diagnosed and recently treated, and even stronger associations with
reduced functional capacity. These findings agree with previous reports on this cohort [103,120] and in
the broader literature [145–147]. High body mass is considered a “gateway” into non-communicable
diseases [148], and possibly multi-morbidity [149–152] and reduced physical functioning [145,153,154],
although reverse causality is plausible with multi-morbidity and reduced physical functioning leading
to lower levels of physical activity and poorer dietary choices [155]. We also observed an inverse
association between high body mass and lower levels of psychosocial distress after adjusting for
functional capacity. This is consistent with previous findings of increased risk of psychosocial distress
with greater functional limitations in this cohort [39,156,157], and a strong contemporaneous effect of
physical disability on depressive symptoms [158]. Depression and anxiety disorders are also known
causes of weight loss in community-dwelling older adults [159], and may be influential on our findings
as the Kessler Psychological Distress Scale [114] is specific for current anxiety and affective disorders
in Australian community populations at the cut-points used in our study [160].
A major strength of our study is the large sample size drawn from the 45 and Up Study [93].
This high-quality, population-based cohort comprises approximately 10% of the Sydney statistical
district aged 45 and over. While we make no claims to the external validity of our point-estimates
beyond our sample, it is well established in the epidemiological literature that relative measures of
effect are generalisable irrespective of representativeness and non response [161,162]. Methodological
investigations of the 45 and Up Study cohort support this likelihood. Mealing et al. [130] have reported
that odds ratios derived from the full cohort correspond to those from the population-representative
New South Wales Adult Population Health Survey [163], while we have reported high correlations
between postal area relative risks and disease maps estimated from unweighted and post-stratification
weighted data [42,131]. These observations support the generalisability of our risk estimators and
their geographical distribution to postal area populations within the Sydney Statistical Division
area. We also used the Sydney Walkability Index as our exposure metric, which is derived using
high-quality government agency spatial data [40]. The strengths of this index include its demonstrated
predictive validity for moderate-intensity walking at multiple spatial scales, a cohesive latent variable
structure, and comparability to other indexes (e.g., NQLS [38] and PLACE [19]) frequently used in
walkability research [40,42]. The spatial data used in its construction are routinely updated to support
NSW Government business, and are accessible via the NSW Open Data Policy [164]. This allows the
Sydney Walkability Index to be re-calculated annually to monitor changes in the spatial distribution of
walkability across the Sydney statistical district. There is also an ongoing effort to develop a national
walkability index using similar methods to our index that would benchmark and monitor changes
in walkability across Australia [28]. Finally, our study employed an explicitly spatial approach that
controlled for individual-level factors to investigate geographic variation in high body mass and its
association with environmental walkability at the postal area level. The substantial levels of clustering
in our data indicate the importance of accounting for spatial autocorrelation in analyses where it is
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expected or observed, and highlights the potentially informative nature of this variation for health and
urban planning that is ignored when spatial and non-spatial sources of variation are conflated [42].
Our study reported on associations between postal area walkability and high body mass
outcomes, which are not necessarily causal. An important limitation of our study is that we
were unable to control for potential bias due to participant self-selection into postal areas, which
raises the potential for reverse causation. Self-selection bias occurs when individuals choose to
live in neighbourhoods that support their physical activity and travel behaviour preferences [8,17].
Systematic reviews indicate that neighbourhood self-selection may account for up to 50% of the built
environment’s effect on physical activity [17]. Its contribution to built environment associations with
high body mass is less clear. Some studies have reported that self-selection fully accounts for these
associations [165,166], while others have reported more modest attenuation effects [167–169]. There is
also some evidence that it may selectively attenuate associations for continuous but not categorical
body mass outcomes [170,171]. The 45 and Up Study does not collect information on respondents’
preferences for the neighbourhoods in which they reside, and so we are unable to discount this as
contributing to some portion of the estimated effect of walkability in our study.
We used self-reported BMI to classify overweight and obesity, which is generally appropriate for
quantifying body size in the 45 and Up Study cohort but known to underestimate prevalence of obesity
using standard BMI classifications by 6% [98]. In the context of our study, this means both overweight
and obesity are likely to have been systematically misclassified. Monte Carlo simulation studies have
found that systematic misclassification of binary dependent variables on the order of 2–5% can bias
relative effects estimates by 12–25% in either direction [172,173]. This has the potential to weaken
the magnitude of our observed associations for both overweight and obesity, but would still result in
meaningful effect sizes at the population-level [8,10]. Another limitation of our analysis is that it was
conducted at a single geographic scale, and so our findings may differ if conducted at a finer or coarser
scale. This is the Modifiable Areal Unit Problem [174,175], which is germane to all analyses using areal
units or zones [175]. We were only provided with access to postal area identifiers by the data custodian,
and so were unable to assess the sensitivity of our results to different spatial scales. We have previously
examined associations between walkability and health-enhancing physical activity at different spatial
scales and found similar relations [40,42], which provides some reassurance on the robustness of our
findings to spatial scale. However, the influence of scale on matched exposure-response relations in
the walkability literature remains opens and warrants further investigation.
The Sydney Walkability Index [40] is comparable to other indexes used in the substantive
literature [19] and so is subject to the same limitation that walkability quartiles may be data-dependent
as they are derived using population-specific cut-points [176,177]. We therefore encourage planners,
policy makers and researchers to review the quartile cut-points used in constructing the Sydney
Walkability Index to evaluate their appropriateness and the applicability of our findings to their
geographic context. Further, modelling walkability as an index means we are unable to identify which
built environment components in the index contribute to the observed associations with prevalence
and geographic distribution of overweight and obesity, which would be useful for framing policy
interventions. This was partly a choice for consistency with the expressed interest in the literature about
the potential for “walkability indexes” to benchmark, inform and monitor development plans, but also
because the added complexity would have made our models intractable. Our analysis used a two stage
approach in which individual-level conditional probabilities of overweight and obesity were modelled
first and then used as offset terms to adjust spatial models. While this approach is not uncommon
in the epidemiological literature (see [39,42,122–124]), ideally we would have modelled individual
and area-level effects simultaneously in a single, parsimonious model. However, despite the relative
ease with which Besag, York and Mollié models can be fit in available software [75,178], they remain
computationally prohibitive to implement outside of high performance computing environments when
extended to multi-level problems comprising samples of the size used in our study [179]. Our units of
analysis comprised Australian postal areas, which correspond in spatial extent to the upper limit of
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buffers sizes used in individual-level research linking walkability to high body mass but may not be
representative of all spatial extents at which health and urban planning decisions occur. Finally, our
study precludes causal inference due to its cross-sectional design.
5. Conclusions
Walkability indexes have been identified as potentially useful tools for planning and monitoring
the built environment to improve health [27]. Our results provide support for their potential application
to body mass outcomes by demonstrating that: (1) rates of overweight and obesity are negatively
associated walkability at the postcode level for Sydney residents aged≥45 years; and (2) that area-level
walkability makes a small but meaningful contribution to the geographic clustering of high body
mass in the Sydney metropolitan region. Our results also suggest the presence of other unobserved
and spatially structured factors contributing to this clustering. The Greater Sydney Region Plan aims to
create healthy, resilient and socially connected communities over the next 40 years by creating fine
scaled urban form, mixed land use and amenity within walkable urban centres [25]. The methods and
outcomes described here may assist in the geographical targeting of strategies and monitoring their
progress towards achieving its liveability objectives.
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Abstract: Walkability describes the capacity of the built environment to promote walking, and has
been proposed as a potential focus for community-level mental health planning. We evaluated
this possibility by examining the contribution of area-level walkability to variation in psychosocial
distress in a population cohort at spatial scales comparable to those used for regional planning
in Sydney, Australia. Data on psychosocial distress were analysed for 91,142 respondents to the
45 and Up Study baseline survey between January 2006 and April 2009. We fit conditional auto
regression models at the postal area level to obtain smoothed “disease maps” for psychosocial distress,
and assess its association with area-level walkability after adjusting for individual- and area-level
factors. Prevalence of psychosocial distress was 7.8%; similar for low (7.9%), low-medium (7.9%),
medium-high (8.0%), and high (7.4%) walkability areas; and decreased with reducing postal
area socioeconomic disadvantage: 12.2% (most), 9.3%, 7.5%, 5.9%, and 4.7% (least). Unadjusted
disease maps indicated strong geographic clustering of psychosocial distress with 99.0% of excess
prevalence due to unobserved and spatially structured factors, which was reduced to 55.3% in fully
adjusted maps. Spatial and unstructured variance decreased by 97.3% and 39.8% after adjusting
for individual-level factors, and another 2.3% and 4.2% with the inclusions of area-level factors.
Excess prevalence of psychosocial distress in postal areas was attenuated in adjusted models but
remained spatially structured. Postal area prevalence of high psychosocial distress is geographically
clustered in Sydney, but is unrelated to postal area walkability. Area-level socioeconomic disadvantage
makes a small contribution to this spatial structure; however, community-level mental health planning
will likely deliver greatest benefits by focusing on individual-level contributors to disease burden
and inequality associated with psychosocial distress.
Keywords: disease mapping; geographic variation; psychosocial distress; spatial analysis; walkability
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1. Introduction
Mental illness is a leading cause of disability worldwide [1] accounting for 19% of total years
lived with disability (YLD) and 7% of disability-adjusted life years (DALY) [2,3] of which 53% is
due to depressive and anxiety disorders [4]. Just under one-half (45.5%) of the Australian adult
population report having ever experienced a mental disorder in their lifetime and one-fifth (20%) in the
previous 12 months [5]. In 2012, the World Health Organization challenged its member states to reduce
their disability burdens due to mental illness through coordinated action between health and social
sectors [6]. This was followed in 2013 by a comprehensive action plan that emphasised addressing the
many determinants of mental illness, including environmental factors that contribute to individual
and population-level vulnerabilities [7].
Walkability describes the capacity of the built environment to facilitate walking for various
purposes, including transportation, health and leisure [8]. A small but growing literature has emerged
over the last decade examining associations between walkability and mental health [9–12], leading
some commentators to recommend walkability as a potential focus for community-level mental
health planning and programming [13]. The current evidence base is insufficiently developed to
identify a pathway by which walkability may influence mental health; however, two possibilities
have been suggested. The first hypothesises that walkable environments help to promote positive
affect by increasing participation in moderate-intensity physical activity, such as walking [9]. This is
consistent with review findings that participation in regular physical activity protects against the
onset of depression and anxiety in healthy populations, and reduces the severity of symptoms in
clinical populations [14–16]; possibly by modulating melatonin production, adenosine metabolism,
and circadian rhythms, or activating brain centres that help reduce negative affect [14]. The second
hypothesises that walkable environments may enhance the social capital of neighbourhoods by
providing unstructured opportunities for social interactions between individuals [17] that promote
trust, and enhance feelings of familiarity, certainty, resilience, and reciprocity [9,17–19]. Social capital
is understood to buffer individuals against depression and anxiety by reducing daily pressures and
promoting health-enhancing behaviours [20]. However, despite their plausibility, neither hypothesis is
currently supported by evidence from an appropriate causal evaluation.
Walkability is typically derived as an objective index within a geographical information
system [21] using spatial data on residential dwelling density, street network connectivity, land use
mix, and—when available—retail destinations, density or floor space [8,22,23]. Indexes originating
out of the North American Neighborhood Quality of Life Study (NQLS) [22] and Australian Physical
Activity in Localities and Community Environments (PLACE) Study [8] projects have contributed to
an extensive evidence base within the transportation, planning, and public health literatures linking
the walkability of built environments to improvements in health behaviours and outcomes [24–29].
Much of this evidence comes from individual-level studies of participants and the micro (personal)
and meso (neighbourhood) environments in which they live [21,30]. However, there is increasing
interest in meso (area) environment walkability, its contributions to the distribution of health within
populations, and how it may be used to inform population health programming at larger regional
scales [8,23,30–32].
Psychosocial or psychological distress describes anxious or depressed mood in the absence of a specific
psychiatric diagnosis [33] and is commonly used to monitor mental health status in populations using
representative surveys [34], such as the United States (US) Behavioral Risk Factor Surveillance System [35]
and Australian Health Survey [36]. Environmental influences on mental health have received considerable
attention in the research literature (see [19] for reviews); however, only a small number of studies have
directly addressed relations between walkability and mental health outcomes [19], and none at the spatial
scales typically used for population health planning and intervention. Between-group analyses of outcomes
such as psychosocial distress can identify population sub-groups at increased risk of adverse mental health
outcomes but provide limited information on the geography of these risks. In contrast, spatial analyses
may be used to identify areas at increased risk of adverse outcomes or spatially structured influences on
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health by focusing on geographic variation in excess of that due to known demographic, social, economic,
and health factors [30,37,38].
Spatial analyses of health outcomes and behaviours are increasingly common in the
epidemiological literature as statistical methods and geographically-referenced administrative,
surveillance and research data become more accessible [39]. Spatial analyses are especially informative
for population health programming [30], which typically occurs at larger, regional spatial scales [31].
For example, Chaix et al. identified differing spatial distributions and cluster resolutions of
psychoactive substance use and neurotic disorders in Malmö, Sweden, which were associated with
adverse social environments [40]. In addition to identifying potential contextual factors for public
health action, the analysis also established appropriate levels for intervention by characterising the
spatial scales at which variations in mental health outcomes occur [40]. Likewise, Cheung et al. [41]
and Ngamini Ngui et al. [42] have reported spatial heterogeneity in suicide across Australia and
Québec, Canada, and conclude that understanding this variation is essential to framing national and
regional mental health policy. Spatial analysis has also been instrumental in describing geographic
variation in psychological susceptibility and its association with resilience factors after Hurricane
Sandy in New York City [43].
The objective of this study was to assess the contribution of walkability to geographic variation
in mental health outcomes at spatial scales typically used for population-level health programming,
planning, and intervention. It builds on our previous work demonstrating the contribution of
area-level walkability to geographic variation in population-levels of total walking and moderate
and vigorous-intensity physical activity [30]. Our aims were to: (1) evaluate if area-level walkability
was associated with area-level psychosocial distress; (2) describe geographic variation in area-level
psychosocial distress; (3) assess the contribution of individual-level factors to geographic variation
in area-level psychosocial distress; and (4) quantify the contribution of area-level walkability to
geographic variation in area-level psychosocial distress not attributable to person-level characteristics
using a population-based cohort living in Sydney, Australia. We hypothesised that (1) areal-level
psychosocial distress would be spatially structured, and that (2) at least some of this structure would
be attributable to area-level walkability.
2. Materials and Methods
2.1. Study Design and Area
We used a cross-sectional, ecological design to investigate geographic variation in psychosocial
distress and its relationship to walkability in the Sydney Statistical Division of New South Wales,
Australia [44]. Sydney covers a land area of 12,142 km2 and had a population of 4.1 million persons
living in 1.6 million dwellings at the 2006 Australian Census [45]. Analysis was undertaken at the
Australian Census of Population and Housing postal area level to coincide with the finest spatial
resolution at which the data custodian provided geographical identifiers for 45 and Up Study cohort
members. There were were 260 postal areas in Sydney in 2006 [46] with a median land area of 7.6 km2,
5304 residential dwellings and 13,090 residents [45]. This land area is equivalent to a radial buffer
of 1550 m, and corresponds with the upper level of high-resolution buffers used in individual-level
studies for which consistent environment-behaviour associations have been reported [47,48].
2.2. Participants
Participants for this study were drawn from The Sax Institute’s 45 and Up Study [49]. The 45 and Up
Study is a population-based cohort established to investigate health ageing among persons aged 45 years
and over in New South Wales, Australia [49]. Recruitment into the study began in January 2006 and
was finalised in December 2009 [50] with a total cohort size of 267,153 or 10% of the New South Wales
population aged 45 and over [51]. Potential participants were randomly sampled from the Department
of Human Services (formerly Medicare Australia) enrolment database, and included an oversample of
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persons aged 80 years and over. People living in rural areas were also oversampled, and all residents
from remote areas were invited to participate [49]; however, neither of these population subgroups are
represented in the Sydney Statistical Division. Selected individuals were mailed an invitation letter,
and asked to return a signed, written consent form with their baseline survey via reply-paid mail
if they consented to participating in the study [49]. We were provided access to the April 2010 data
release comprising 266,848 participants [52], which the data custodian had geocoded to 2006 Australian
Standard Geographic Classification Statistical Divisions [44] and postal areas [46]. We limited our
analysis to participants geocoded to the Sydney statistical division of New South Wales to coincide
with the spatial extent of our study factor.
2.3. Data
Individual-level data comprised self-reported responses to the baseline questionnaire of the 45
and Up Study [49], and were used to derive respondent-level outcomes and covariates. Postal area
data included the Sydney Walkability Index [23] and 2006 Index of Relative Socioeconomic
Disadvantage [53], which were included as study and covariate factors, respectively.
2.4. Outcome Variable
Psychosocial distress served as the outcome factor in our analysis, and was measured using the
Kessler Psychological Distress Scale (Kessler 10) [54]. The Kessler 10 is a dimensional measure of
non-specific psychosocial distress developed to discriminate between cases and non-cases of serious
mental illness in community populations [54]. The scale comprises 10 questions that ask respondents
to rate how frequently over the past four weeks they felt tired for no good reason; nervous; so nervous
that nothing could calm them down; hopeless; restless or fidgety; so restless that they could not sit still;
depressed; that everything was an effort; so sad that nothing could cheer them up; and worthless [54].
Item responses are scored from 1 (none of the time) to 5 (all of the time) and then summed to give
a total between 10 and 50. In Australia, scores of 22–29 and ≥30 are sensitive and specific for high
and very high levels psychosocial distress in community populations, respectively [55]; specific for
any current anxiety or affective disorder [56]; and associated with other mental disorder categories,
and presence of any current mental disorder [56]. We created a single, binary outcome variable
and classified individuals with a total scale score ≥22 as having high (or very high) psychosocial
distress for consistency with existing state and national representative surveys monitoring population
levels of psychosocial distress [55,57–59]. List-wise exclusions due to incomplete item responses were
minimised by imputing invalid and missing data using the pairing up and mean substitution methods
implemented in the Household, Income and Labour Dynamics in Australia Survey [60].
2.5. Study Variable
The primary variable of interest for all analyses was postal area walkability, which we measured
using the Sydney Walkability Index. [23]. This index is a three-factor index derived using methods
and data comparable to the Neighborhood Quality of Life Study (NQLS) and Physical Activity in
Localities and Community Environments (PLACE) walkability indexes [8,22], both of which underpin
extensive national and international literatures [23]. The Sydney Walkability Index is calculated within
a geographical information system using three built environment variables:
1. Residential dwelling density—the number of residential dwellings per square kilometre of
residential land use
2. Intersection density—the number of intersections with three or more roads per square kilometre
of total land area
3. Land use mix—the entropy of residential, commercial, industrial, recreational and other land uses.
Environmental variable values are divided into deciles, scored from 1 (lowest) to 10 (highest), summed
to give a total score out of 30, and then divided into quartiles corresponding to low, low-medium,
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medium-high and high walkability [23]. We have previously demonstrated the predictive validity of
the Sydney Walkability Index for utilitarian walking, and its comparability to four-variable indexes
(e.g., [8,22]) found in the research literature [23]. We have also recently reported positive associations
between the Sydney Walkability Index and population-levels of sufficient walking and total moderate
and vigorous-intensity physical activity to enhance health, and its contribution to geographic variation in
physical activity behaviours between postal areas in the Sydney statistical division [30].
2.6. Covariates
We included a number of individual- and area-level correlates of psychosocial distress previously
identified for the 45 and Up Study cohort in the research literature [61–74]. Individual-level covariates
included sex (male, female); five-year age group at baseline interview (45–49 to 80–84 and ≥85 years);
language spoken at home (English, other); educational level (less than secondary school, secondary
school graduation, trade or certificate or diploma, university degree); relationship status (partner,
no partner); employment status (full-time, part-time, other, not working); health insurance type
(private with extras, private without extras, Government health care card, none); smoking status
(never, past, current), World Health Organisation body mass category (underweight <18.5 kg/m2,
normal weight 18.5 to <25.0 kg/m2, overweight 25.0 to <30.0 kg/m2, obese ≥30.0 kg/m2); moderate
and vigorous-intensity physical activity in the previous seven days (0, 1–149, 150–299, ≥300 min);
number of chronic conditions ever diagnosed and treated in the previous four weeks (0, 1, 2, 3 or
more); and limitations on physical functioning (none, minor, moderate, severe). All data were obtained
by self-report. Limitations on physical functioning were measured using the Medical Outcomes Study
(MOS) 36-Item Short-Form Health Survey (SF-36) physical functioning scale [75,76], with scores of
0 to <60, 60 to <90, 90 to <100, and 100 classified as none, minor, moderate, and severe respectively.
Socioeconomic disadvantage was measured at the postal area level using the 2006 Index of Relative
Socioeconomic Disadvantage [53]. This index is a general measure of disadvantage derived by principal
components analysis of 2006 Australian Census of Population and Housing Census variables indicative
of low socioeconomic status (see [53]).
2.7. Statistical Analysis
Our analysis utilised a two-step approach to model relative prevalence within the study cohort.
In the first step, the predicted probabilities (Yˆij) of psychosocial distress were estimated for each person
from fixed-effect logistic regression models conditioned on individual-level social, economic and
health factors as model covariates. We then summed the predicted probabilities for the j postal areas
to obtain the total expected numbers of persons with psychosocial distress in each postal area adjusted
for its underlying respondent structure (see [30,77–79]).
In the second step, we used used Bayesian Besag, York and Mollié conditional auto regressive
models with Poisson likelihoods to estimate prevalence ratios for each of the j postal areas relative to
the study area [80]. Besag, York and Mollié spatial models decompose area-level random effects into
local, spatially structured (sj) and global, unstructured (uj) variance components [81,82] using:
log(θj) = α+ xjβ+ sj + uj + log(ej) (1)
where θj is the prevalence ratio for the jth postal area; α is the mean prevalence ratio for the study area;
xj and β are optional vectors of ecological explanatory variables and parameter estimates, respectively,
and ej is a model offset representing the expected number of cases in the jth area. The unstructured
variance component was given a normal prior with mean 0 and precision τ2u , while the spatial variance
component used an intrinsic conditional auto regressive prior [81] with mean s¯j and precision tau2j
conditioned on the prevalence in the surrounding k postal areas with contiguous boundaries [81].
The hyper-parameters τ2u and τ2s were used to control the variability of uj and sj, and were given
Gamma hyper-priors of γ(0.5, 0.0005) [83]. We derived expected cases ej using either the overall
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prevalence (ej = p× nj) for unadjusted models or the sum of the predicted probabilities from stage
one (ej = ∑ Yˆij) in the case of models adjusted for individual-level factors (see [30,77–79]).
Our analysis fit six analytic and two sensitivity models. Model 1 (M1) was an unadjusted
disease mapping model with offsets proportional to the study area prevalence (p× nj). Model 2 was
also a disease model but with individually-adjusted offset terms from stage 1 models. Models 3–6
were ecological regressions: model 3 added postal area walkability to model 2; model 4 added
postal area socioeconomic disadvantage to model 2; and model 5 included individually-adjusted
offsets, postal area walkability, and postal area socioeconomic disadvantage. Model 6 tested for effect
modification of the relationship between psychosocial distress and walkability by socioeconomic
disadvantage. We additionally assessed the sensitivity of our association between walkability and
psychosocial distress to excluding physical activity level from fixed-effects models used to adjust
spatial regression offset terms for individual-level characteristics. These analyses acknowledge the
uncertainty regarding the path between walkability and psychosocial distress. If this were mediated
by physical activity, as implied by the possible route suggested by Sturm et al. [9], then adjusting
for physical activity may suppress the substantive association between walkability and psychosocial
distress. We assessed this possibility by refitting models 2 and 3 after excluding physical activity level
from the fixed-effect model used to adjust spatial regression offset terms.
Medians and 95% credible intervals for each model parameter were summarised from the posterior
distributions of two Monte Carlo Markov Chains initialised using over-dispersed starting values.
We ran each chain for 2.5 million iterations and retained every 250th sample to reduce autocorrelation
and improve convergence. We discarded the first half of each chain as burn-in, giving 10,000 samples
in total for inference. Autocorrelation plots and the Gelman-Rubin diagnostic [84] were used to
confirm the convergence of MCMC chains [85]. All models were fit using unweighted survey data,
which produce representative and generalisable relative effect estimates for individual-level analyses
[86] and unbiased relative effect estimates for postal area analyses [30] in this cohort.
We used the Deviance Information Criterion (DIC) to choose between competing conditional auto
regressive models with smaller values taken as evidence for improved fits [87]. We also exponentiated
and mapped the linear predictor, and spatial and non-spatial random effects for postal areas to
identify variation in excess of that attributable to individual- and area-level factors. We additionally
calculated spatial fractions (ρ = σ2s /[σ2s + σ2u ]) from the marginal variances of the random effects to
estimate the proportion of residual variation in high psychosocial distress due to unobserved and
spatially-structured factors (see [88,89]). All data analysis and mapping was undertaken in R 3.3.2.
Fixed effects logistic regressions were evaluated at the 5% alpha level and conditional auto regressive
Poisson regressions using 95% credible intervals summarised from posterior distributions.
2.8. Ethical and Data Access Statements
The 45 and Up Study is approved and monitored by the University of New South Wales Human
Research Ethics Committee (ref no. HREC 05035/HREC 10186). The present research comprised
a sub-study of the Social, Environmental, and Economic Factors Study, which is approved and
monitored by the University of Sydney Human Research Ethics Committee (ref no. 10-2009/12187).
Details on accessing 45 and Up Study data are available on the The Sax Institute website
(www.saxinstitute.org.au/our-work/45-up-study).
3. Results
Complete data were available for 91,142 of 115,153 (79.1%) Sydney respondents residing in 254 of 260
(97.7%) study postal areas. The median number of respondents per postal area was 258, with a minimum
of 0, maximum of 3302, and inter-quartile range of 145–441 respondents. Table 1 shows individual
characteristics for respondents included in our analysis. Similar to the full 45 and Up Study cohort [52],
our sample had similar gender and employment characteristics to the study area but was otherwise
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younger, more highly educated, less likely to speak a language other than English at home, and more likely
to be living with a partner than the Sydney population aged 45 years and over [45].
Table 1. Sample characteristics and prevalence estimates for high psychosocial distress.
Variable
Characteristics Prevalence
N % n %
POSTAL AREA LEVEL
Walkability
Low 25,217 27.7 1983 7.9
Low-medium 31,023 34.0 2440 7.9
Medium-high 19,232 21.1 1548 8.0
High 15,670 17.2 1154 7.4
Socioeconomic disadvantage
Q1—Most 17,153 18.8 2096 12.2
Q2 19,272 21.1 1800 9.3
Q3—Middling 14,833 16.3 1109 7.5
Q4 19,789 21.7 1177 5.9
Q5—Least 20,095 22.0 943 4.7
INDIVIDUAL LEVEL
Sex
Male 44,220 48.5 3008 6.8
Female 46,922 51.5 4117 8.8
Age
45–49 13,480 14.8 1328 9.9
50–54 16,619 18.2 1587 9.5
55–59 16,601 18.2 1367 8.2
60–64 13,611 14.9 938 6.9
65–69 10,093 11.1 536 5.3
70–74 6792 7.5 361 5.3
75–79 4898 5.4 319 6.5
80–84 6432 7.1 435 6.8
85+ 2616 2.9 254 9.7
Language spoken at home
English 77,307 84.8 5230 6.8
Other 13,835 15.2 1895 13.7
Education level
Less than secondary school 7236 7.9 1176 16.3
Secondary school graduation 26,355 28.9 2267 8.6
Trade, certificate or diploma 28,678 31.5 2044 7.1
University degree 28,873 31.7 1638 5.7
Relationship status
Partner 68,138 74.8 4457 6.5
No partner 23,004 25.2 2668 11.6
Employment status
Full-time work 32,578 35.7 2052 6.3
Part-time work 13,122 14.4 996 7.6
Other work 1319 1.4 168 12.7
Not working 44,123 48.4 3909 8.9
Health insurance type
Private with extras 53,835 59.1 3054 5.7
Private without extras 12,822 14.1 746 5.8
Government health care card 11,656 12.8 1974 16.9
None 12,829 14.1 1351 10.5
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Table 1. Cont.
Variable
Characteristics Prevalence
N % n %
Smoking status
Never smoked 53,560 58.8 3662 6.8
Past smoker 31,276 34.3 2366 7.6
Current smoker 6306 6.9 1097 17.4
Body mass category
Underweight 1247 1.4 177 14.2
Normal weight 35,709 39.2 2467 6.9
Overweight 35,555 39.0 2458 6.9
Obese 18,631 20.4 2023 10.9
Total physical activity
0 min 5296 5.8 912 17.2
1–149 min 15,102 16.6 1635 10.8
150–299 min 15,675 17.2 1185 7.6
≥ 300 min 55,069 60.4 3393 6.2
Diagnosed chronic conditions
0 31,050 34.1 1397 4.5
1 36,544 40.1 2487 6.8
2 17,915 19.7 2049 11.4
3 or more 5633 6.2 1192 21.2
Treated chronic conditions
0 41,261 45.3 2683 6.5
1 29,791 32.7 2217 7.4
2 14,285 15.7 1363 9.5
3 or more 5805 6.4 862 14.8
Limited physical functioning
None 32,198 35.3 1353 4.2
Minor 24,974 27.4 1169 4.7
Moderate 20,074 22.0 1798 9.0
Severe 13,896 15.2 2805 20.2
N Stratum total, n Stratum outcome frequency, % Stratum outcome per cent.
3.1. Walkability
We have previously reported in detail on built environment variables and walkability profiles
for Sydney postal areas [30]. Environmental variables increased monotonically for low, low-medium,
medium-high and high walkability postal areas: residential density (2.3, 13.4, 19.8 and 46 dwellings per
hectare), street network connectivity (3.4, 46.1, 79.5 and 162.5 intersections per square kilometre), and land
use mix entropy (0.005, 1.033, 0.056, and 0.134), and walkability was distributed along an east-west gradient
with highest concentrations of walkable areas surrounding and north of the Sydney central business district,
and lowest concentrations in Western Sydney and the peri-urban fringe [23,30].
3.2. Prevalence of Psychosocial Distress
The within cohort prevalence of high psychosocial distress was 7.8% (7.6–8.0%). Prevalence
estimates by postal area characteristics are reported at the top of Table 1. Levels of high psychosocial
distress were similar in low, low-medium, and medium-high walkability areas, and slightly lower in
high walkability areas. In contrast, prevalence of high psychosocial distress decreased monotonically
with decreasing relative socioeconomic disadvantage, and was 2.6 times lower in least versus most
disadvantaged areas.
3.3. Spatial Analysis
Map A in Figure 1 reports the smoothed distribution of unadjusted prevalence ratio for high
psychosocial distress in Sydney statistical division estimated from model 1. There is strong evidence
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for clustering of high psychosocial distress with a band of relatively higher prevalence postal areas
stretching from the north, through the centre, and then to the south-eastern border of Sydney. Prevalence
ratios were consistently lower for postal areas in the central business and surrounding districts on the
eastern seaboard, and in south western Sydney. Maps B and C decompose the total prevalence into its
spatial and unstructured sources, respectively. Map C indicates that little variation is due to unstructured
factors, while map B shows that the distribution of high psychosocial distress is largely attributable to
unobserved and spatially-structured factors. This is confirmed by the Model 1 spatial fraction reported in
Table 2, which attributes almost all of the variation in map A to the spatial random effect.
Figure 1. Total, Spatial and Unstructured prevalence ratios for Sydney postal areas. Total prevalence
ratios were derived by exponentiating the sum of the log odds for the s and u random effects; Spatial and
Unstructured prevalence ratios were obtained by exponentiating the log odds of the individual s and u
components, respectively. Total, Spatial, and Unstructured prevalence ratio estimates are reported in
maps A–C for model 1, maps D–F for model 2, and maps G–I for model 5.
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Table 3 reports unadjusted odds ratios (OR) for associations between high psychosocial distress
and individual-level covariates, which were used to adjust expected values in spatial models.
All variables were statistically significant and important in univariate models with small to medium
effect sizes [90]. Odds for high psychosocial distress were increased for females, people who spoke
a language other than English at home, had less than a university education, were not working
full-time, did not have private health insurance, or were on a government health care card. Higher
odds were also observed for current and past smokers, persons who were underweight or obese,
had one or more chronic conditions ever diagnosed or treated in the last month, or experienced minor
to severe physical limitation. Reduced odds of high psychosocial distress were associated with older
age, peaking in ages 65–74, and longer durations of total moderate and vigorous-intensity physical
activity per week.
Table 3. Unadjusted and fully-adjusted odds ratios for individual-level adjustment variables.
Unadjusted Adjusted
OR 95% CI OR 95% CI
Sex p < 0.0001 p = 0.2434
Male 1.00 1.00
Female 1.32 1.25–1.38 0.97 0.91–1.02
Age p < 0.0001 p < 0.0001
45–49 1.00 1.00
50–54 0.97 0.89–1.04 0.82 0.76–0.89
55–59 0.82 0.76–0.89 0.57 0.52–0.62
60–64 0.68 0.62–0.74 0.36 0.32–0.39
65–69 0.51 0.46–0.57 0.21 0.18–0.24
70–74 0.51 0.46–0.58 0.16 0.14–0.18
75–79 0.64 0.56–0.72 0.16 0.14–0.19
80–84 0.66 0.59–0.74 0.13 0.12–0.15
85+ 0.98 0.85–1.13 0.14 0.12–0.17
Language spoken at home p < 0.0001 p < 0.0001
English 1.00 1.00
Other 2.19 2.07–2.31 1.92 1.80–2.04
Education level p < 0.0001 p < 0.0001
Less than secondary school 3.23 2.98–3.50 1.70 1.55–1.87
Secondary school graduation 1.56 1.47–1.67 1.20 1.12–1.29
Trade, certificate or diploma 1.28 1.19–1.36 1.09 1.02–1.18
University degree 1.00 1.00
Relationship status p < 0.0001 p < 0.0001
Partner 1.00 1.00
No partner 1.87 1.78–1.97 1.41 1.33–1.50
Employment status p < 0.0001 p < 0.0001
Full-time work 1.00 1.00
Part-time work 1.22 1.13–1.32 1.14 1.05–1.24
Other work 2.17 1.84–2.57 1.57 1.30–1.89
Not working 1.45 1.37–1.53 1.46 1.35–1.58
Health insurance type p < 0.0001 p < 0.0001
Private with extras 1.00 1.00
Private without extras 1.03 0.95–1.12 1.03 0.94–1.12
Government health care card 3.39 3.19–3.60 1.78 1.65–1.92
None 1.96 1.83–2.09 1.36 1.27–1.47
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Table 3. Cont.
Unadjusted Adjusted
OR 95% CI OR 95% CI
Smoking status p < 0.0001 p < 0.0001
Never smoked 1.00 1.00
Past smoker 1.12 1.06–1.18 1.07 1.00–1.13
Current smoker 2.87 2.67–3.09 1.64 1.51–1.78
Body mass category p < 0.0001 p < 0.0001
Underweight 2.23 1.89–2.63 1.61 1.34–1.93
Normal weight 1.00 1.00
Overweight 1.00 0.94–1.06 0.93 0.87–0.99
Obese 1.64 1.54–1.75 0.88 0.82–0.94
Total physical activity p < 0.0001 p < 0.0001
0 min 1.00 1.00
1–149 min 0.58 0.53–0.64 0.75 0.68–0.82
150–299 min 0.39 0.36–0.43 0.64 0.58–0.71
≥ 300 min 0.32 0.29–0.34 0.58 0.53–0.64
Diagnosed chronic conditions p < 0.0001 p < 0.0001
0 1.00 1.00
1 1.55 1.45–1.66 1.56 1.45–1.68
2 2.74 2.55–2.94 2.45 2.26–2.66
3 or more 5.70 5.24–6.19 4.32 3.90–4.78
Treated chronic conditions p < 0.0001 p < 0.0240
0 1.00 1.00
1 1.16 1.09–1.23 1.02 0.96–1.10
2 1.52 1.42–1.62 1.01 0.93–1.10
3 or more 2.51 2.31–2.72 1.17 1.05–1.29
Limited physical functioning p < 0.0001 p < 0.0001
None 1.00 1.00
Minor 1.12 1.03–1.21 1.24 1.15–1.35
Moderate 2.24 2.09–2.41 2.15 1.98–2.33
Severe 5.77 5.38–6.17 4.41 4.05–4.79
OR Odds ratio, CI Confidence interval
Adjusted OR remained important but were attenuated relative to unadjusted effect estimates
(see Table 3). The two exceptions were age and body mass category. The protective effect of age relative
to persons 45–49 year became stronger throughout the life span following adjustment, peaking in the
80–84 years age group, while odds of high psychosocial distress for obese relative to normal weight
individuals switched from 1.64 (1.54–1.75) to 0.88 (0.82–0.94). The latter was due to confounding
of the association by limitations on physical functioning, age, and number of chronic conditions
ever diagnosed. Obese respondents with high psychosocial distress were more likely to have severe
functional limitations (50.2% versus 35.1%) or been diagnosed with three or more chronic health
conditions (24.8% versus 13.5%), and less likely to be aged 80 years or older (4.9% versus 11.5%)
compared to non-obese persons.
The second row of maps in Figure 1 shows relative prevalence of high psychosocial distress
(map D), decomposed into to spatially structured (map E) and unstructured (map F) factors after
accounting for individual-level differences between Sydney postal areas (model 2). The magnitude
of prevalence ratios were substantially attenuated and reduced in range from 0.42–2.92 for model 1
to 0.86–1.09 for model 2. Despite this reduction, prevalence ratio remained geographically clustered
with higher rates in central and south-eastern Sydney, and lower rates in north Sydney (see maps
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D–F). The DIC and pD for model 2 indicated a substantially better fit over model 1, which reduced
spatial and unstructured variation by 98.5% and 52.1%, respectively, and the spatial fraction by 11.1%
(see Model 2 in Table 2).
Associations between high psychosocial distress and postal area walkability (model 3) and relative
socioeconomic disadvantage (model 4) are reported in Table 2. We found no evidence for an association
between psychosocial distress and postal area walkability after adjusting for individual-level factors.
The DIC and pD for model 3 indicated a poorer fit compared to model 2, and all walkability credible
intervals included unity. Excluding physical activity level from model offsets in sensitivity analyses did
not alter prevalence ratios obtained from model 3 (see Table 4). The increase in DIC (0.98) and pD (2.39)
for this sensitivity model relative to a baseline sensitivity model excluding walkability and physical
activity also provided no support for an association between psychosocial distress and walkability,
or excluding physical activity from our analysis (see Table 4). Model 4 added relative socioeconomic
disadvantage to model 2, which also included individual-level socioeconomic factors, resulted in an
improved model that reduced DIC by 9.3 units and pD by 6.4 parameters. Compared to postal areas in
the most socioeconomically disadvantaged quintile 1, prevalence of high psychosocial distress was
similar for postal areas in quintile 2, and 8%, 10% and 18% lower for postal areas in quintiles 3–5,
respectively (see Table 2).
The bottom row of Figure 1 displays final prevalence ratios from model 5 for high psychosocial
distress (map G) decomposed into spatially structured (map H) and unstructured (map I) factors after
accounting for individual differences, and postal area walkability and socioeconomic disadvantage.
Simultaneously adjusting for individual and postal area factors further attenuated prevalence ratios but
did not substantially affect the geographic distribution of high psychosocial distress, which remained
higher-than-expected in central and south-eastern Sydney, and lower-than-expected in north Sydney.
Adjusting for relative socioeconomic disadvantage in model 5 did not alter effect estimates or
conclusions for the association between postal area walkability and high psychosocial distress from
model 3 (see Table 2). The DIC value for model 5 was 1.3 units larger than the “best” fitting model
4 but within the ≤2 unit change range indicating a model deserving consideration [87]. Spatial and
unstructured variation in fully adjusted model 5 were reduced by 99.9% and 59.1% relative to
unadjusted model 1, and the spatial fraction reduced from 0.99 to 0.55 (38.4%). Interaction model 6
provided no evidence that the association between walkability and high psychosocial distress was
modified by postal area socioeconomic disadvantage (DICM6 − DICM5 = 18.1).
Table 4. Conditional auto regression model summaries for sensitivity analyses.
Baseline Walkability
Prevalence ratios (95% CrI)
Constant 0.97 (0.97–1.02) 0.97 (0.91–1.03)
Walkability
Low – 1.00
Low-medium – 1.01 (0.94–1.08)
Medium-high – 1.08 (0.99–1.18)
High – 1.03 (0.93–1.15)
Model diagnostics
pD 23.58 25.97
DIC 1420.05 1420.99
Spatial fraction 0.90 0.90
CrI credible interval, pD effective parameters, DIC Deviance Information Criterion. Baseline null model
with adjusted offsets EXCLUDING individual physical activity level. Walkability Baseline + Sydney
Walkability Index.
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4. Discussion
This appears to be the first study to assess associations between area-level walkability and
psychosocial distress using a large population cohort within a spatial framework. Our findings
indicate that while psychosocial distress is geographically clustered in the Sydney statistical division,
area-level walkability does not contribute to this spatial structure, which is principally patterned
by the individual-level characteristics of residents within postal areas. We did, however, observe
a consistent association between postal area socioeconomic disadvantage and prevalence of high
psychosocial distress independent of individual-level social and economic factors. Prevalence of high
psychosocial distress is 10–18% lower in the least compared to most socioeconomically disadvantaged
postal areas after adjusting for individual-level differences and postal area walkability. Our results
suggest that while area-level socioeconomic disadvantage makes a small contribution to geographic
variation in psychosocial distress (2.2%), programming and planning activities will likely deliver
greatest benefits by focusing on individual-level determinants, correlates, and mediators of disease
burden and inequality associated with psychosocial distress.
Modifying the walkability of built environments to improve the health of populations is
frequently recommended [8,23,91–95], and has been suggested as a potential focus for community-level
mental health planning [13]. Such recommendations implicitly assume that individual-level
environment-behaviour and environment-outcome findings scale to community- and population
levels. However, these assumptions are rarely evaluated, which leaves open the potential for spurious
cross-level action due to atomistic [96] or individualistic [97] fallacy. Our study is novel in that we have
directly examined associations between area-level walkability and high psychosocial distress in Sydney
at spatial scales more typical of population-level programming, planning, and intervention. At these
scales, we observed substantial geographic variation in unadjusted disease maps of psychosocial
distress prevalence for postal areas. However, we found no evidence supporting a link between
walkability and prevalence of psychosocial distress or its geographic patterning, both of which appear
largely attributable to the spatial distribution of individual-level factors across the Sydney statistical
division with a small contribution from postal area socioeconomic disadvantage.
An evidence base linking walkability to mental health outcomes is only beginning to emerge
in the research literature, and is presently derived from a small number of individual-level studies.
Berke et al. reported in 2007 that the odds of depression in the Adult Changes in Thought (ACT) Study
cohort were reduced by a factor of 0.31–0.33 for the highest versus lowest walkability quartile but
only for older men. In contrast, a 2011 cross-sectional study of older men in Perth, Australia, found
that while depression was unrelated to Census Collection District walkability, it was associated with
individual environmental variables used to construct their index, with increased odds of depression in
Districts with middling (1.10–2.16) and high (1.08–2.14) versus low land use mix, and some versus no
retail land use (1.04–1.90) [10]. However, a subsequent study of older Welsh men has reported reduced
odds of psychosocial distress for greater land use mix (0.22–1.00) and street network connectivity
(0.28–1.00) [11], another built environment variable routinely included in walkability indexes [8,22].
While most recently, James et al have reported that the odds of depression (1.08–1.16) and current
anti-depressant use (1.08–1.25) were significantly increased among persons living in the highest versus
least walkable neighbourhoods of low-income and racially diverse populations in south eastern United
States [12].
The heterogeneity of findings from these studies likely reflects the considerable variability in
methods and measures they employed [19]. Walkability was assessed using both objective and
perceived methods, and no two studies used the same index, scale or combination of environmental
variables to measure walkability. Likewise, mental health outcomes were assessed for a diverse range of
conditions and symptoms using a mix of standardised scales and self-report. In their 2016 systematic
review, Gong et al. identified an urgent need to develop standardised approaches to researching
built environment influences on mental health [19]. This concern reflects a broader focus in the
walkability literature to reconcile environment-behaviour research methods to improve between-study
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comparability and inform public health policy and planning (e.g., [21,23,98]). Gong et al. have
also emphasised the importance of utilising objective built environment indexes in mental health
research to reduce information bias resulting from a tendency among persons with poorer mental
health to perceive their environments more negatively [19]. Our study design is consistent with these
recommendations in its use of validated outcome and objective exposure variables, which are routinely
used for population-level health surveillance [34], and individual- and area-level walkability research
(e.g., [8,22,23,95,99]).
The mechanism by which walkability my influence psychosocial distress remains an important
but unresolved issue for current and future environmental exposure research. Both physical activity [9]
and social capital [17] have been hypothesised as plausible variables through which environmental
walkability acts on mental health; however, neither has been evaluated within a causal framework.
Our study indirectly considered the influence of individual-level physical activity on area-level
associations between walkability and psychosocial distress through a sensitivity analysis that excluded
physical activity from the model used to derive offset terms for ecological regressions. We obtained
the same effect estimates for environmental walkability regardless of whether we adjusted for physical
activity or not; however, our study design (cross-sectional) and analytic approach (ecological) preclude
us from making inferences about the possible mediating role of this variable. Ideally, any evaluation
of potentially mediating variables should use prospectively collected data from multiple waves of
follow-up to allow sufficient time to elapse between the hypothesised cause and its effect, and to
avoid the bias that arises when cross-sectional data are used to estimate longitudinal effects [100].
The 45 and Up Study comprises 265,000 persons aged 45 years and older [49], with 40% residing
in a geographical unit classified by the Sydney Walkability Index. Follow-up of this cohort occurs
approximately quinquennially, with a third wave of data collection scheduled to begin in the next
few years. This will provide a unique opportunity to evaluate potential causal pathways between
walkability and mental health, and how they may contribute to healthy ageing.
We observed strong associations between all individual-level socioeconomic indicators and
psychosocial distress. This is consistent with the substantive (e.g., [101–105]) and 45 and Up Study
literatures (e.g., [68]) indicating higher prevalence of poorer mental health in more socioeconomically
disadvantaged individuals, regardless of how mental health and socioeconomic status are measured.
Odds of psychosocial distress were 1.05–1.89, 1.27–1.92, and 1.02–1.87 times higher for persons not
in full-time work, without private health insurance, and without a university degree, respectively.
We also observed a consistent contextual effect of relative socioeconomic disadvantage on prevalence
of psychosocial distress that reduced postal area ratios by 10–24% in the least compared to most
disadvantaged quintiles. This gradient is supported by a recent narrative review, which reported
consistent evidence for a contextual socioeconomic effect over-and-above that due to individual-level
socioeconomic factors [106]. In our study, this contextual effect accounts for approximately 2.3% of the
spatial and 4.2% of the non-spatial variation in prevalence of postal area psychosocial distress that
remains after adjusting for individual-level factors and area-level walkability. This is smaller than the
13.5% of residual unstructured variation in depression prevalence from World Health Organisation
health surveys due to country-level income and income inequality reported by Rai et al. [107];
similar to the 4.5% of unstructured variation in depressive symptoms due to area-level mean income
and Gini Coefficient reported by Lee at al. for 253 Korean communities [108]; and consistent with
review evidence indicating individual-level factors account for most of the unstructured variation
between higher-order cluster units [106]. Cross-level interactions between area- and individual-level
socioeconomic status were beyond the scope of this study; however, the available evidence suggests
that poorer individual-level socioeconomic position increases susceptibility to neighbourhood-level
socioeconomic disadvantage, while improved individual-level position buffers against this effect [106].
We also observed very strong associations between psychosocial distress and numbers of chronic
conditions ever diagnosed, and psychosocial distress and limitations on physical functioning. The odds
of psychosocial distress were 1.6, 2.5, and 4.3 times higher for person with 1, 2 or 3 or more doctor
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diagnosed chronic conditions than those with none. Similarly, the odds of psychosocial distress among
respondents with minor, moderate or severe limitations on physical functioning were 1.2, 2.2, and 4.4 times
higher than those with none. These findings agree with previously published studies on the correlates of
psychosocial distress and depression among 45 and Up Study participants [64,65], and Australian [109]
and international [110] primary care cohorts. Ormel et al. have identified three components to associations
between depressive symptoms and functional disability: an immediate effect of decreased physical
function on depressive symptoms; a weaker, lagged effect of functional disability leading depressive
symptoms; and a weak, lagged effect of depressive symptoms leading functional disability, all of which
may be modified by personal resilience factors and access to effective care [111]. The symptoms of
depression and psychosocial distress might also be exacerbated by the social stresses and stigma associated
with reduced physical function [65]. These possibilities are consistent with reports that psychosocial
distress is more strongly related to level of disability among 45 and Up Study participants with cancer
than the fact of a cancer diagnosis [62]. Our study employed a cross-sectional design, which precluded
us from identifying the directionality of associations between psychosocial distress, multiple chronic
diseases, and limitations on physical functioning. However, our findings do support a role for these
factors in the geographical patterning of psychosocial distress across the Sydney statistical district, which
is likely to be especially informative for planners, policy-makers, and researchers for population-level
health programming, intervention, and evaluation activities.
Although we found no evidence for an association between postal area walkability and
psychosocial distress, our findings still have relevance for population-level mental health planning.
First, our study demonstrates the utility of visualising geographic variation in mental health
outcomes to identify areas with higher or lower than expected rates, which may provide targets
for population-level intervention. The utility of mapping for service planning has been demonstrated
by Bazemore et al., who used geographical information systems to visualise and address discrepancies
between services delivered and under-served areas in a North American primary care clinic
network [112]. Our findings indicate that psychological distress is geographically clustered in
Sydney, and that it is the spatial distribution of individual-level demographic, social, economic
and health factors that drive this patterning. From a planning perspective, adding or removing
individual-level factors sequentially and visualising their effect on disease maps would be especially
informative for identifying those individual-level characteristics and circumstances contributing
to higher-than-expected psychosocial distress in a specific geographic area. This was beyond the
scope of our research, which was concerned with the contribution of area-level walkability to postal
area psychosocial distress prevalence and geographic variation over and above that attributable to
individual level factors. We observed no association between postal area psychosocial distress and
walkability, and walkability had little effect on disease maps. This suggests area-level walkability is
insufficiently sensitive for informing population health policy and programming aimed at improving
mental through built environment intervention, and that planners and policy-makers are more likely
to maximise health gains by focusing on established individual-level correlates and determinants of
mental (ill) health.
A major strength of our study is it use of the large, high-quality 45 and Up Study cohort, which
has population-level coverage. However, similar to the larger cohort, our sample was younger, better
educated, and more likely to be partnered and speak English at home than the general population
aged 45 years and over in the Sydney statistical district. While this precludes us from generalising
point-prevalence estimates beyond our sample, it is likely that our relative effect estimates are
externally valid. It is well established in the epidemiological literature that relative measures of
risk and odds derived from cohorts are usually generalisable irrespective of representativeness and
non response [113,114]. This has been specifically demonstrated in the case of the 45 and Up Study by
Mealing et al., whom reported that odds ratio estimates from this cohort are highly comparable to those
derived from the population-representative New South Wales Continuous Health Survey [86]. We have
also reported very high correlations between postal area relative risks and disease maps estimated
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from unweighted and post-stratification weighted data, which indicates spatial risk estimators within
the 45 and Up Study cohort are unaffected by non response bias [30,115].
Our study used validated measures for quantifying outcomes and exposures. The Kessler 10 [54]
is an established, scale-derived measure of psychosocial (psychological) distress that is routinely used
in research and to monitor mental health status in population-representative surveys [34], making it
an ideal choice for our application. Similarly, the Sydney Walkability Index is an established indicator
of the built environment with demonstrated validity and specificity for walking behaviour at a range
of spatial scales [23,30]. Objectively characterising the walkability of built environments is especially
important for mental health outcomes where systematic information bias is reasonably expected [19].
In addition to being objective, the Sydney Walkability Index is constructed using the same methods as
other influential indexes in the walkability literature (see [8,22]). However, while our index is derived
at the area-level, we caution against interpreting it as a proxy for individual-level exposure [30].
We deliberately matched the spatial scales at which we measured outcome and exposure variables to
avoid validity concerns arising from cross-level inference [116], which was evident in at least one of the
individual-level studies reviewed (see [10]). We argue that when walkability exposure and outcome
are measured at the same area-level resolution, it constitutes a contextual variable describing the
shared walkability experience of populations and groups inhabiting the same geographic space [30];
we have demonstrated the plausibility of this conceptualisation using the same cohort and spatial
scale (see [30]). We believe this makes our approach especially relevant to planning applications, which
typically occur at regional levels and for populations of individuals.
Another strength of our study is its use Bayesian Besag, York and Mollié spatial models
fit as disease mapping and ecological regressions to: (1) directly assess associations between
outcomes, exposures, and covariates; (2) quantify geographic clustering of high psychosocial distress;
and (3) evaluate the contribution of postal area walkability to this spatial structure. Spatial methods
are increasingly employed in the epidemiological literature to understand the role of place on
health outcomes, behaviours and determinants, and to account for spatial autocorrelation, which is
problematic for valid inference if not handled appropriately [117]. Our study demonstrates the highly
spatial nature of psychosocial distress in Sydney and the importance of handling this geographic
structure at the analysis stage. While standard multilevel analysis can account for autocorrelation
through random effect terms, our study highlights the advantage of decomposing this variation into
spatial and non-spatial sources for informing programming, planning, and intervention activities.
We also avoided potential confounding in our analysis due to individual differences in the underlying
response populations by adjusting model offsets using predicted probabilities from individual-level
fixed-effects regressions of psychosocial distress on person-level demographic, social, economic and
health factors. This approach is commonly employed in the epidemiological literature to adjust
area-level models where individual-level variables cannot be parameterized within a parsimonious
model [78] or would be computationally prohibitive [30,77,79].
Our study is subject to a number of limitations. We were unable to include a measure of social
social capital in our study despite its hypothesised link with walkability and psychosocial distress.
Self-reported measures of social capital were collected as part of the 45 and Up Study baseline survey
but were poorly completed. Limiting our analysis to cases with complete data on these variables
would have further reduced our effective sample size, and resulted in a non-response rate well
above the maximum 20% identified for cohort studies and data that are missing not at random
(MNAR) (see [118,119]). However, we do not believe including social capital would have substantially
altered our findings for two reasons. First, we observed no association between walkability and
psychosocial distress for social capital to be considered a potential mediator [120]. And second,
a recent individual-level study of the association between walkability and mental health reported that
effect estimates were unchanged when social capital was included in statistical models [12], which is
inconsistent with a moderating effect by social capital [121].
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Another limitation of our study is that individual- and area-level factors were modelled separately.
Ideally, all variables would be included in a single, parsimonious model that allowed their joint effects
to be assessed concurrently. These types of multi-level spatial models are beginning to emerge in the
epidemiological literature (e.g., [122]) but are not easily implemented in standard statistical software,
and are often computationally prohibitive for problems with large sample sizes and numerous spatial
units outside of high performance computing environments [122]. Our approach to adjusting spatial
models using offset terms derived from fixed-effect analyses of individual-level factors is commonly
employed in the epidemiological literature where a parsimonious model cannot be specified or is
computationally prohibitive [30,77–79], as was the case in this study. However, recent methodological
advances incorporating Integrated Nested Laplace Approximation (INLA) to estimate approximate
posteriori marginals appear to offer a potential solution for the efficient fitting of these multi-level
Bayesian spatial models [123,124].
Finally, our study used Australian-specific postal areas as the units of analysis, and sample-specific
cut-points for the calculation of Sydney Walkability Index variables. The spatial extents of postal
areas may not coincide with the planning units used in other jurisdictions. Associations between
outcomes and exposures can vary with geographic resolution, even when both are measured at the
same spatial scale [125]. As such, this should be taken into consideration when applying our findings
at finer or coarser spatial scales. However, we do note that the median land area of our postal areas
was 7.6 km2 or the equivalent of a 1550 m radial buffer, which is at the upper limit of buffer sizes used
in individual-level studies, and for which consistent environment-behaviour associations have been
reported [47,48]. We also quantized environmental variables relative to their distribution in the Sydney
statistical division, which may not be representative of other jurisdictional spatial units. To address this
potential limitation we have reported the cut-points used to construct our index [30], and encourage
planners, policy-makers, and researchers to use these in assessing the applicability of our results to
their setting of interest. We also acknowledge that the cross-sectional design of our study limits its
conclusions to non-causal inferences.
5. Conclusions
Walkability describes the capacity of the built environment to promote or hinder walking for
multiple purposes, and has been proposed by Berke and colleagues as a potential environmental focus
for mental health planning and intervention [13]. Our study examined this possibility at a spatial scale
similar to those typically used for regional-level planning and found no evidence for an association
between postal area walkability and high psychosocial distress in the Sydney Statistical Division
that could be leveraged for this purpose. We did, however, observe strong geographic clustering of
high psychosocial distress, which was largely attributable to individual-level factors with a small
contribution from area-level socioeconomic disadvantage. These findings suggests that mental health
planning and intervention activities will likely deliver greatest benefits by focusing on individual-level
determinants, correlates, and mediators of disease burden and inequality associated with psychosocial
distress and other mental health outcomes.
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Abstract
Background: Planning and transport agencies play a vital role in influencing the design of townscapes, travel modes
and travel behaviors, which in turn impact on the walkability of neighbourhoods and residents’ physical activity
opportunities. Optimising neighbourhood walkability is desirable in built environments, however, the population health
benefits of walkability may be offset by increased exposure to traffic related air pollution. This paper describes the spatial
distribution of neighbourhood walkability and weighted road density, a marker for traffic related air pollution, in Sydney,
Australia. As exposure to air pollution is related to socio-economic status in some cities, this paper also examines the
spatial distribution of weighted road density and walkability by socio-economic status (SES).
Methods: We calculated walkability, weighted road density (as a measure of traffic related air pollution) and SES, using
predefined and validated measures, for 5858 Sydney neighbourhoods, representing 3.6 million population. We overlaid
tertiles of walkability and weighted road density to define “sweet-spots” (high walkability-low weighted road density), and
“sour- spots” (low walkability-high weighted road density) neighbourhoods. We also examined the distribution of
walkability and weighted road density by SES quintiles.
Results: Walkability and weighted road density showed a clear east-west gradient across the region. Our study
found that only 4 % of Sydney’s population lived in sweet-spot” neighbourhoods with high walkability and low
weighted road density (desirable), and these tended to be located closer to the city centre. A greater proportion
of neighbourhoods had health limiting attributes of high weighted road density or low walkability (about 20 % each),
and over 5 % of the population lived in “sour-spot” neighbourhoods with low walkability and high weighted road density
(least desirable). These neighbourhoods were more distant from the city centre and scattered more widely. There were
no linear trends between walkability/weighted road density and neighbourhood SES.
Conclusions: Our walkability and weighted road density maps and associated analyses by SES can help identify
neighbourhoods with inequalities in health-promoting or health-limiting environments. Planning agencies should
seek out opportunities for increased neighbourhood walkability through improved urban development and
transport planning, which simultaneously minimizes exposure to traffic related air pollution.
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Background
The built environment, which refers to the totality of places
designed and built by humans, plays an important role in
population health [1, 2]. In the past few decades, increasing
evidence suggests that aspects of the built environment are
associated with health related behaviours such as physical
activity [3], and health related outcomes such as obesity
[4], cardiovascular health [2], and mental well-being
[1]. A key concept is “walkability”, which encompasses
built environment characteristics that are conducive to
utilitarian walking (i.e. walking to destinations, includ-
ing work commutes, errands, shopping), such as high
residential density, good street connectivity, and land
use mix [5]. Although walkability has been well studied
in the context of physical activity, there is limited lit-
erature on its interaction with other key environmental
attributes, such as outdoor air pollution [6].
Traffic related air pollution (TRAP) is a major contribu-
tor to ambient air pollution in most large cities, and com-
prises a complex mixture of primary and secondary
particulate matter and gases such as oxides of nitrogen
(NOx) [7–10]. For example, in Sydney, Australia, on-road
vehicles contribute around 71 % of total NOx emissions
[11]. Peak concentrations of NOx and nitrogen dioxide
(NO2) occur near roads and there is evidence of pollutant
decay within a few hundred metres distance from busy
roads [12, 13]. Hence both NOx and NO2 are often
used as markers of TRAP in epidemiological studies.
Recent reviews have reported on associations between
TRAP exposure and a range of adverse health outcomes
including decreased lung function, increased airway in-
flammation, asthma symptoms, cardiovascular disease,
hospitalisations, premature mortality and adverse birth
outcomes [7, 8, 10, 14].
Methods for estimating exposure to TRAP at locations
and spatial scales where air quality data or modelled
estimates are not available include using measures of
road proximity, traffic counts, traffic density (eg. traffic
counts within certain radii around an address) or road
density [10]. Advantages of these measures are that they
are easily calculated if counts or a road classification sys-
tem exists and they are inexpensive to implement. The
added advantage of using traffic density measures is that
they include the impact of a network of roads around a
point of interest, and may better reflect exposure than a
proximity measure [15]. A previous Sydney study found
that a simple weighted road density (WRD) measure ex-
plained 59 % of the variance in NO2 measured by pas-
sive samplers, which was equivalent to the variability
explained by using traffic density estimates using traffic
count data, suggesting that WRD could be used as a
proxy for exposure to TRAP [15].
The first and only study to date, as far as we are aware,
to quantitatively estimate the spatial interaction between
walkability and air pollution was conducted in Vancouver,
Canada [6]. The authors calculated a four-factor walkabil-
ity index [5] for each postal code and used a land use
regression model to assign each postcode an annual aver-
age estimated nitrogen oxide (NO) concentration, as a
marker of TRAP. This study found “trade-offs” between
neighbourhood walkability and air pollution and identified
a relatively small proportion of neighbourhoods that do
especially well (high walkability and low TRAP - defined
as “sweet spots”) and especially poorly (low walkability and
high TRAP - defined as “sour spots”). Given the health
consequences of both physical inactivity and exposure to
TRAP, the Vancouver study highlighted the importance of
characterising the complex spatial patterns of these two
urban environmental health exposures, to guide transport
policy and land use planning initiatives to maximize health
gains.
A number of studies have characterised the relationship
between socioeconomic characteristics of neighbourhoods
and air pollution, with more deprived or disadvantaged
areas often, but not always, exposed to higher air pollution
concentrations [16–18]. This scenario is often termed a
“double-burden of geography”. Not surprisingly, some
studies have also found central or inner city advantaged
areas to be subject to high air pollution concentrations, so
the relationship is not always linear or in the expected dir-
ection [16, 19]. Aside from Marshall et al. [6] Vancouver
study, none of these studies have investigated the relation-
ship between SES and air pollution with respect to neigh-
bourhood walkability.
The objectives of our study were to: 1) analyse the asso-
ciation between neighbourhood walkability and weighted
road density (as a measure of traffic related air pollution)
in the Sydney metropolitan area; and 2) describe the spatial
distribution of these two characteristics, and 3) examine
the relationship between neighbourhood socio-economic
disadvantage and walkability/weighted road density.
Methods
Study area
We assessed the spatial distribution of WRD and walkabil-
ity for 2007 in the Sydney metropolitan area. Sydney is
Australia’s largest city, located on the eastern seaboard with
an area of over 3700 km2 and had an estimated resident
population of 3.6 million in 2006 (average density 990 per-
sons/km2). Both walkability and WRD were calculated at
the 2006 Australian Census Collection District (CCD)
level, the smallest geographical area used for reporting
Australian census aggregated household data by the Aus-
tralian Bureau of Statistics (ABS) [20]. We obtained digital
boundaries for CCDs from the ABS [20]. The average
CCD in the study region included 200 dwellings and 550
residents and covered an area ranging from 0.002 km2 to
125.40 km2 (median 0.20 km2, 10th percentile 0.02 km2,
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90th percentile 2.40 km2) prior to CCD exclusions due to
missing data [21]. Usual resident population, percentage of
total population, and land area (km2) were calculated for
each CCD using data from the ABS 2006 Census Basic
Community Profile DataPack (ABS cat no 2069.0.30.001).
Percentage of people (employed adults aged at least
16 years) within each CCD walking entirely to work on the
2006 Census day was also calculated using data from the
2006 ABS Census.
Measures
Walkability
We used an abridged walkability index previously devel-
oped for Sydney [21] that was modelled on the South
Australian PLACE study index [22] and the walkability
index developed by Frank et al in North America [5].
The Sydney walkability index includes the following
three environmental attributes.
a) residential density: the number of dwellings per
square kilometre of residential land use;
b) intersection density: the number of intersections
with three or more road junctions per square
kilometre of total land area. Intersection density is
a measure of connectivity and is highest for streets
with grid like patterns and lower for curvilinear
street networks with long block lengths, with
cul-de-sacs or with other boundaries such as
motorways or railway lines.
c) land use mix (the combination of five land classes
adjusted for spatial area). Land use mix was calculated
as the proportion of areas (km2) corresponding to
specific land uses (residential, commercial, industrial,
recreational, other) multiplied by the natural
logarithm of the proportions. Scores ranged from 0–1
where 0 indicated a single land use and 1 indicated a
mix of all 5 land use categories. The scores were then
divided by the ratio of each CCD area compared to
the smallest CCD area in the study region to adjust
for differences in spatial scale [21].
Each of the three environmental attributes was then di-
vided into deciles from 1 (lowest) to 10 (highest) and
summed to give a total walkability index score for each
CCD. The walkability index scores ranged from 3 to 30 and
we used tertile splits (low, medium, high) to categorise
CCDs to enable comparison with the Marshall et al. [6]
Vancouver study. For more detail on the method of calcula-
tion of the walkability index the reader is referred to Mayne
et al. [21]. An abridged three-component walkability index
was used as data on the fourth factor (retail floor space) [5],
was not available for all Sydney CCDs. This abridged three
component Sydney walkability index was found to retain
87 % of the variability of a full four factor index [21].
The validity of this walkability index has been previously
reported in Mayne et al. [21] using data on “walking en-
tirely to work” reported in the 2006 Australian Census.
Mayne et al. [21] found a highly significant exposure-
response relationship between walkability and prevalence of
walking to work, after adjusting for SES covariates (adjusted
odds ratios of: 1.05 (0.96–1.15) for medium walkability;
1.58 (1.45–1.71) high walkability, and 3.02 (2.76–3.30) for
very high walkability areas, compared to low walkability
areas. This association was similar for the abridged and full
walkability index. Furthermore, higher prevalence rates of
walking were seen in areas with high walkability, regardless
of low or high income grouping; 3.0 % of people walked to
work in low income-low walkability areas versus 7.9 % in
low-income-high walkability areas; 2.1 % walked to work in
high income-low walkability areas versus 11 % in high
income-high walkability areas.
We used the 2006 Census data on “walking entirely to
work” to determine whether utilitarian walkability behav-
iour varied according to the potential for TRAP exposure.
That is, we determined whether there was a greater pro-
portion of residents walking to work in high walkability
areas exposed to high WRD compared to low WRD.
Traffic related air pollution
We used a previously developed measure, weighted road
density (WRD), as a proxy measure of TRAP [15]. At
the time of analysis, there was no Sydney metropolitan
wide land use regression model for NO2, and the avail-
able dispersion model for NO2 had a spatial resolution
too large (2 x 2 km grid) to reflect the fine spatial differ-
ences in this pollutant. We determined the WRD for
each CCD (WRD_CCD) (metres per km2) using the sum
of the weighted road length (metres) divided by the total
area enclosed by the CCD boundary (km2). The three-
tiered weighting system assigned local roads a weight of
one, distributor roads a weight of two and motorways, ar-
terial roads and primary roads a weight of three. Digitised
road maps (StreetPro Australia Navigation network) [23]
were used for road classifications and lengths.
It has been previously shown in Sydney that WRD
within a 75 m buffer best predicted measured NO2 over
alternative buffers ranging from 50 to 400 m [15]. A
75 m buffer is also consistent with evidence of a rapid
decline in NO2 within the first 75–100 m from a major
road [12, 13]. In this study, we averaged WRD across
each CCD (WRD_CCD), rather than by a radial 75 m
buffer, to match our CCD measure of walkability.
To determine how well the WRD measure correlated
with actual NO2 measurements, we calculated NO2 (an-
nual average and annual average daily maximum concen-
trations) for 2007 for CCDs: 1) at each of ten regulatory
fixed site monitors; 2) within a 200 m radius of each of the
ten monitors; 3) within a 2 km radius of each of the ten
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monitors. It should be noted that the ten monitors were
sited in background (non-hotspot) locations in Sydney. We
calculated Pearson’s correlation coefficients to determine
the correlation between WRD and monitored NO2.
Intersecting walkability and traffic related air pollution
measures
We followed the method of Marshall et al. [6] and overlaid
tertiles of walkability and WRD to define “sweet-spots” (high
walkability and low WRD) (desirable), and “sour- spots”
(low walkability and high WRD) CCDs (undesirable). We
also defined CCDs as “high-spots” (high walkability and
high WRD) and “low-spots” (low walkability and low
WRD), both health-limiting given their either high
WRD or low walkability status. Although the use of ter-
tile combinations is somewhat arbitrary, this method
enabled comparison with the Vancouver study. Percent-
ages of neighbourhoods and population sizes within the
study area are provided for comparative rather than ab-
solute purposes.
Given that both the walkability and WRD measures
use the road structure as inputs for calculation of each
measure, we calculated the correlation between walkabil-
ity and WRD, as well as the correlations between their
inputs (residential density, intersection density, land use)
respectively. WRD versus walkability was also plotted to
visualise the relationship between the two constructs.
Socio-economic status
For each CCD we used the SEIFA (Socio-economic Indexes
for Areas) Index of Relative Socio-economic Disadvantage
(IRSD) from the ABS 2006 Census as the measure of socio-
economic status (SES) [24]. The IRSD index summarises
17 measures such as income, education and unemployment
from data collected in the five-yearly ABS Census. The
IRSD scores for the study area were divided into quintiles
where quintile 1 represents the 20 % most disadvantaged
neighbourhoods (CCDs) (lower SES), and quintile 5 repre-
sents the 20 % least disadvantaged neighbourhoods (CCDs)
(higher SES).
IRSD quintiles were used to compare the distribution
of walkability tertiles and WRD tertiles across quintiles.
Prevalence rates (proportions) of the various walkability
and WRD categories were calculated by dividing each
IRSD quintile proportion by the overall proportion of
the walkability-WRD attribute for the whole Sydney
metropolitan study area, similar to the method used by
Marshall et al. [6]. A ratio of 1 indicates that the relative
prevalence of that attribute was the same as the overall
prevalence rate, while a score less than 1 indicates a
lower proportion compared to the overall rate and vice
versa. Bar graphs were also prepared to visualise the re-
lationship between: WRD tertiles and SES; and walkabil-
ity tertiles and SES.
Statistical analysis
We used ArcGIS 10.01 Geographical Information System
(GIS) software [25] with transformation from Geocentric
Datum of Australia 1994 to MapGrid of Australia 1994
Zone 56 for all GIS processing. All statistical analyses and
calculations outside the GIS were carried out using SPSS
version 21 (Chicago, SPSS, Inc.). Bubble plots were used
to display the proportions of CCDs, study population,
lowest and highest SES quintiles, and residents walking
entirely to work, for each of the walkability-WRD tertiles.
Results
Walkability scores were calculated for 5858 CCDs
(99.5 %) in the study area with 32 CCDs (0.5 %) excluded
due to missing data. A WRD score of 0, indicating an ab-
sence of road segments, occurred in nine out of 5890
CCDs (0.2 %). Table 1 presents descriptive statistics for
both walkability and WRD tertiles.
Pearson’s correlation coefficients for the WRD and mea-
sured NO2 were high and ranged from 0.81 to 0.93
(Table 2). The annual average mean for NO2 across the 10
Sydney regulatory monitoring sites was 9.3 ppb (SD: 5.3)
and ranged from 5.5 to 13.1 ppb by site. The annual aver-
age of the daily NO2 maxima across the 10 sites was
19.2 ppb (SD: 8.8) and ranged from 13.1 to 24.6 ppb by site.
The scatterplots of WRD versus the three measures of NO2
illustrate a tendency for NO2 to increase with increasing
WRD for both annual average NO2 concentration and the
annual daily 1 h maximum NO2 concentration (Additional
file 1: Figure S1).
Table 3 shows the correlation coefficient for walkability
and WRD was 0.52 which was statistically significant. How-
ever, walkability was much more highly correlated with its
individual components (residential density (r = 0.88),
intersection density (r = 0.80) and land use (r = 0.71)),
than with WRD. The scatterplot of WRD versus walkabil-
ity (Additional file 2: Figure S2) demonstrates greater vari-
ability in the highest category of WRD (representing
major roads and highways), compared to the lowest cat-
egory (representing relatively quiet back streets).
Figure 1a and b presents maps of the Sydney metro-
politan study area, for walkability and WRD respectively,
where darker colour indicates higher values. Walkability
demonstrated a clear east-west gradient (Fig. 1a). High
walkability was most concentrated in eastern and in
western and outer suburbs. High WRD was also concen-
trated in central Sydney with western Sydney showing
more dispersed areas of high WRD corresponding with
major suburban centres. These patterns are representa-
tive of the Sydney road network which radiates out from
the Central Business District (CBD), and associated
population densities that are concentrated closer to the
CBD and around major suburban centres which are
scattered throughout the Sydney metropolitan area.
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Nine tertile combinations of walkability and WRD
were obtained for the available 5850 CCDs. Four combi-
nations of walkability-WRD are presented in Fig. 1c,
representing “sweet-spots” (high walkability-low WRD)
in green, “sour-spots” (low walkability- high WRD) in or-
ange, “high-spots” (high walkability-high WRD) in cream,
and “low-spots” (low walkability-low WRD) in light grey.
The remaining five tertile combinations are presented as
one category “Other” (in dark grey).
Figure 2, Panel a shows the percentage of CCDs in
each of the nine walkability-WRD tertiles (if walkability
and TRAP were not correlated, each tertile combination
would be 11 %). A minority of CCDs were either “sweet-
spots” or “sour-spots”. A total of 245 (4.2 %) CCDs were
“sweet-spots” with high walkability score (mean = 23.3,
SD = 2.8, range 20 to 30) and low WRD (mean = 0.010,
SD = 0.003, range 0.001 to 0.013). A similar number of
CCDs (n = 265, 4.5 %) were classified as “sour-spots” with
a low walkability score (mean = 11.0, SD = 1.8, range 4 to
13) and high WRD (mean = 0.025, SD = 0.006, range
0.019 to 0.05). This corresponded to 3.2 % (n = 115,069
persons) of the study population living in “sweet-spots”
(summed over “sweet-spot” CCDs), and 5.2 % (n = 188,916
persons) living in “sour-spots” (summed over “sour-spot”
CCDs) (Fig. 2, Panel b). Table 4 indicates that the relative
population prevalence is lower than expected for “sweet-
spots” and higher than expected for “sour-spots” based on
the proportions of CCDs compared with all CCDs overall.
Compared to “sweet-spots” and “sour-spots”, substantially
more CCDs were either “high-spots” ((high walkability-high
WRD) (n = 1147 (19.6 %), walkability score: mean = 25.4,
SD = 3.3, range 20 to30; WRD score: mean = 0.033, SD =
0.017, range 0.020–0.252), or “low- spots” (low walkability-
low WRD) (n = 1188 (20.3 %); walkability score: mean = 8.4,
SD = 3.0, range 3–13; WRD score: mean = 0.008, SD =
0.003, range 0.080–0.133) (Fig. 2, Panel a).
High walkability CCDs had the greatest proportions of
people walking to work, with almost double the propor-
tion (12.6 %) walking to work in high WRD CCDs than in
low or medium WRD CCDs (7.5 % each) (Fig. 2, Panel e).
These proportions were double those in medium or low
walkability CCDs.
The relationships between: WRD tertiles and SES;
and walkability tertiles and SES are shown in separate
bar graphs in Fig. 3. The horizontal line represents the
expected number of CCDs if there was no association
between SES quintiles and levels of WRD or walkabil-
ity. The charts show no clear relationship between
WRD and SES or between walkability and SES. How-
ever, the number of CCDs within the high WRD tertile
tended to increase with increasing SES quintiles, until
the highest quintile where there was a marked decrease
Table 1 Descriptive statistics for walkability and weighted road density for Sydney, 2007
Measure Statistic Overall Tertiles
Low Medium High
Walkability (range 3–30) Mean (SDa) 16.5 (6.9) 9.4 (2.9) 16.4 (1.7) 24.6 (3.3)
Median 16 10 16 25
IQRb 11–21 7–12 15–18 21–27
Min-Max 3–30 3–13 14–19 20–30
N 5858 2126 (36.3 %) 1834 (31.3 %) 1898 (32.4 %)
Weighted road density (m/km2) Mean (SD) 0.029 (0.012) 0.009 (0.003) 0.016 (0.002) 0.030 (0.015)
Median 0.016 0.010 0.016 0.027
IQR 0.012–0.022 0.007–0.012 0.015–0.018 0.022–0.033
Min-Max 0.000–0.253 0.000–0.013 0.013–0.020 0.020–0.253
N 5881 1954 (33.2 %) 1964 (33.4 %) 1963 (33.4 %)
aSD: Standard deviation
bIQR: Inter quartile range
Table 2 Pearson’s correlation coefficients for weighted road density (WRD)a and measured NO2 at regulatory monitors
Corrrelations (significance value)
Measured monitored siteb WRD at Site CCD WRD 200 m buffer (mean) WRD 2 km buffer (mean)
Annual average (24 h mean) NO2 0.92 (p < 0.001) 0.73 (p = 0.027) 0.79 (p = 0.007)
Annual average 1 h max NO2 (mean) 0.86 (p < 0.001) 0.79 (p = 0.012) 0.83 (p = 0.003)
aWRD calculated as the mean of WRD of CCDs: 1) at monitored site; 2) within a 200 m radius of each of 10 regulatory monitors; 3) within a 2 km radius of each of
10 regulatory monitors
bMeasured NO2 (2007) at monitored sites: 1) Annual average (24 h); 2) Annual average (1 h maximum) measured at 10 regulatory monitors
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in the number of CCDs with high WRD. The mid-WRD
tertile had a tendency to decrease with increasing SES
quintiles ie decreased with lower disadvantage. The bar
chart also illustrates the much higher proportion of CCDs
with low WRD in the highest SES quintile, contributing to
the much higher than expected prevalence of “low-spot”
CCDs in the highest SES quintile (see below). There was
no clear relationship between walkability and SES, except
that the number of CCDs with low walkability increased
with increasing SES. High walkability also increased with
increasing SES, except for the highest SES quintile, where
the number of high walkability CCDs was substantially
lower than for all other SES quintiles.
Figure 2, Panels c and d show the proportions of the
walkability-WRD tertile combinations for the lowest (1st,
most disadvantaged) and highest (5th, least disadvantaged)
SES quintiles respectively. Table 4 summarises the relative
prevalence of sweet-, sour-, high- and low- spot CCDs by
SES quintiles. The proportion of sweet- and sour-spot
CCDs in both the lowest and highest SES quintiles were
similar at around 4 % (Fig. 2, Panels c and d). There was a
higher prevalence of “sweet-spots” in the two highest SES
quintiles (least disadvantaged), with a non-linear relation
across the five SES quintiles (Table 4). There were no clear
trends evident for “sour-spots” or “high-spots” across SES
quintiles, although both the highest and lowest SES quin-
tiles had a lower relative prevalence of “sour-spots” (0.85,
0.85 respectively) and “high-spots” (0.70 and 0.77 respect-
ively) and similar percentages of “high-spot” CCDs (14.7 %
in the lowest and 13.7 % in the highest SES quintiles) (see
Fig. 2, Panels c and d).
The middle SES quintiles had a higher relative preva-
lence of high walkability-high WRD. The proportion of
“low-spot” CCDs (low walkability-low WRD) in the high-
est SES quintile (40.0 %) was more than double that in the
lowest SES quintile (14.5 %) corresponding to a much
higher prevalence of “low-spot” CCDs in the highest SES
quintile (1.97), with lower than expected prevalence for
the four other SES quintiles (Table 4).
Discussion
Our study explored spatial patterns of, and association be-
tween, walkability (for utilitarian purposes) and TRAP
(using WRD as a proxy) in the Sydney Metropolitan area.
Our maps of walkability and WRD identified “sweet-spot”
neighbourhoods where the built environment (specifically
land use and street networks) is conducive to good popula-
tion health, and “sour-spot” neighbourhoods where the built
environment is detrimental to population health, as well as
identifying “high-spots” (high walkability-high WRD) and
“low-spots” (low walkability-low WRD). These maps and
associated analyses by SES can help identify areas that are
subject to environmental inequalities with respect to repre-
senting health-promoting or health-limiting environments
which could benefit from targeted urban and transport
planning and, public health interventions. In further work,
we will extend our analyses to include investigations of the
association between walkability, weighted road density and
health outcomes.
The maps can also help identify neighbourhoods that
could be potentially transformed into “sweet spots” through
redevelopment efforts, such as infill development and traf-
fic calming. Overall, this methodology for mapping and
describing spatial interactions of walkability and WRD rep-
resents a useful tool for informing urban planning and
transport policy initiatives to improve neighbourhood
walkability while reducing, or at the very least, not worsen-
ing TRAP.
Overall our findings are similar to the Vancouver re-
sults by Marshall et al. [6] for patterns of walkability and
TRAP. We found a very small proportion of Sydney
neighbourhoods (4.2 %) classified as “sweet-spots”, re-
markably similar to the Vancouver study (3.6 % of post-
codes) [6]. Sydney’s 4.2 % “sweet-spot” neighbourhoods
represent 3.2 % of the actual population, and while this
difference of -1 % is small, multiplied across the Sydney
population, it corresponds to 37,000 people who do not
benefit from walkability-TRAP environments that are
conducive to good health.
“Sweet-spots” and “sour-spots” occurred throughout the
Sydney metropolitan region. As with Vancouver, we found
“sweet-spots” to be located near, but not in the city centre
CBD, and were more prevalent in the highest SES quin-
tiles. Not surprisingly, “sweet-spot” neighbourhoods were
mostly found along the harbour foreshore and coastal
strip, higher population density areas, which are also
highly desirable residential areas in Sydney. The 4.5 %
of “sour-spot” neighbourhoods (5.2 %; 187,200 of the
population) in our study, similar to Vancouver (6.8 %),
were scattered widely, at distance from the Sydney
CBD, more distant from the harbour or coastal areas,
and more prevalent in the middle SES quintiles. “High-
spots” tended to be aggregated closer to the Sydney
CBD. “Low-spots” were primarily located in lower
Table 3 Pearson’s correlation coefficients for walkability,
weighted road density (WRD), and inputs to the walkability
index (residential density, intersection density and land use)
Pearson’s correlation coefficient
Walkability WRD Residential
density
Intersection
density
Land
Use
N = 5858
Walkability 1 0.52** 0.88** 0.80** 0.71**
WRD 1 0.46** 0.48** 0.29**
Residential density - - 1 0.66** 0.45**
Intersection - - - 1 0.26**
Land use - - - - 1
**Correlation is significant at the 0.01 level (2-tailed)
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density residential regions around the outer perimeter
of the Sydney metropolitan area.
We found no clear trends in the distribution of walk-
ability or TRAP by neighbourhood-level SES. Low WRD
was mainly observed in the highest SES neighbourhoods
in Sydney (1.51). High WRD occurred mainly in the
middle SES neighbourhoods, with the highest SES neigh-
bourhoods having the lowest prevalence (0.72). Although
there were no linear relationships between WRD and
SES in Sydney, the findings that low WRD was substan-
tially more prevalent, and high WRD had the lowest
prevalence, in the highest SES neighbourhoods, suggests
some environmental inequality in the distribution of
TRAP. However, low walkability was also more prevalent
in the highest SES neighbourhoods in Sydney, suggesting
that opportunities to improve walkability also exist for
high SES neighbourhoods. While there was a non-linear
relationship between high walkability and SES, the sec-
ond highest SES category had the highest relative preva-
lence of walkability (1.23).
The Sydney findings vary from the Vancouver study
which reported a linear association between low NO
Fig. 1 Sydney 2007: (a) Walkability quintiles (b) Traffic related air pollution (TRAP) quintiles measured by weighted road density (WRD) (c) Walkability-TRAP
(WRD) tertile combinations – sweet, sour, high, low-spots (d) SES (Index of Relative Socio-economic Disadvantage (IRSD)) quintiles
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Fig. 2 Characteristics in each Walkability-WRD tertile (%): (a) Percent of CCDs in overall study area; (b) Percent of study population; (c) Percent lowest
SES (IRSD) quintile (most disadvantaged; stratified analysis); (d) Percent highest SES (IRSD) quintile (least disadvantaged; stratified analysis); (e) Percent
of residents walking to work (this plot represents the sub-group of residents living in the study area who “walked entirely to work”, as reported in the
2006 Census, Australian Bureau of Statistics). TRAP measured by weighted road density (WRD)
Table 4 WRD and walkability tertiles: relative prevalencea for population and by IRSD quintilesb, 2007
Measure All CCDs c
(100 %)
Low
WRD
Low
Walk
Mid
WRD
Mid
Walk
High
WRD
High
Walk
Sweet -Low
WRD -High Walk
Sour -High
WRD -Low Walk
High -High
WRD -High Walk
Low -Low
WRD -Low Walk
Proportion of CCD’s (%) 100 33.0 36.3 33.5 31.4 33.5 32.3 4.2 4.5 19.6 20.3
Population
(Relative prevalence)
1.00 1.04 1.15 1.07 1.03 0.90 0.80 0.76 1.15 0.80 1.11
IRSD Category 1 low SES 1.00 0.92 0.76 1.18 1.32 0.90 0.96 1.06 0.85 0.77 0.72
2 1.00 0.82 0.79 1.08 1.24 1.09 1.00 0.85 1.16 1.04 0.63
3 1.00 0.89 0.86 1.01 1.10 1.10 1.07 0.81 0.98 1.15 0.82
4 1.00 0.86 1.00 0.96 0.76 1.18 1.23 1.18 1.16 1.34 0.85
5 high
SES
1.00 1.51 1.59 0.77 0.59 0.72 0.74 1.10 0.85 0.70 1.97
aValues in each column represent the relative prevalence of IRSD within each category normalised to 1.0 (being equal to the overall prevalence of IRSD category
across the Sydney metropolitan area). That is, a value of 1.51 for low WRD in the highest (5) SES category represents a 51 % higher than expected prevalence of
low WRD CCDs compared with low WRD across all SES categories/all CCDs. A value of 1.18 for sweet-spot CCDs in the second-highest (4) SES category represents a
18 % higher than expected prevalence of sweet-spot CCDs compared with sweet-spots across all SES categories/all CCDs. A value of 0.76 for low walkability in the
lowest (1) SES category represents a 24 % lower than expected prevalence of low walkability CCDs compared with low walkability across all SES
categories/all CCDs
bIRSD-Index of Relative Socio-economic Disadvantage sourced from the Australian Bureau of Statistics 2006 Census. IRSD is used as the measure of area-based SES
in this analysis
cCCD-Census Collector District-smallest geographical unit for which walkability and weighted road density (WRD) were calculated
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pollution and SES category in Vancouver (0.55 to 1.42)
and an inverse linear association between high NO pollu-
tion and SES (1.55 to 0.69) [6]. A recent Australian study
investigating environmental inequality of NO2 in urban
areas, reported that NO2 concentrations decreased in
areas with less disadvantage, however, the actual differ-
ences in concentrations was very small at 0.8 ppb [26]. As
indicated in overseas studies, the relation between air
pollution and SES can be complex and not always in the
expected direction [16, 19]. Our findings indicate that
there are opportunities for improved walkability across all
SES settings.
We found similarly large proportions of “high-spots”
(high walkability/high WRD) and “low-spots” (low walk-
ability/low WRD) in around 20 % of Sydney CCDs. If
walkability and TRAP were independent of each other,
we would expect 11 % each of CCDs in “high-” and
“low-spots”, which is half of the observed percentages.
“High-spots” tended to be located in population dense
areas closer to the Sydney CBD while “low-spots” tended
to be located towards the perimeter of the Sydney metro-
politan region bordering national parks, recreational re-
serves, government and farming land. This pattern is
indicative of the Sydney road network which radiates out
from the more densely populated central and eastern sub-
urbs around the harbour and coastal fringe. This pattern
of land use may be particularly susceptible to health trade-
offs between walkability and exposure to TRAP [27].
We know from previous work, that the Sydney Walkabil-
ity Index used for this study correlates well with measures
of walking in Sydney [21]. Our analyses reported a two to
three -fold increase in the proportion of people walking en-
tirely to work in high walkability CCDs compared to
medium or low walkability CCDs. Perhaps most import-
antly, our study also found that the proportion of residents
walking entirely to work in high walkability CCDs located
in high WRD areas was almost double than for high walk-
ability CCDs located in low WRD areas. This finding sug-
gests that people do not currently modify their walking
patterns based on knowledge or assumptions of neighbour-
hood air quality, and thus opportunities exist to minimise
air pollution exposure while not discouraging walking.
Our study has several important policy implications.
First, it identifies geographical areas in Sydney that are
exposed to higher environmental hazards in terms of
low walkability and high TRAP. Populations living in
“sour spots” are likely to suffer from added disease risks
from physical inactivity and air pollution [27]. This likely
reflects an environmental injustice that requires policy
actions in terms of targeted programs and distribution
of resources to reduce health inequality. We found that
the annual mean NO2 concentrations (and annual average
daily 1 h maximum NO2 concentrations) were 9.3 ppb
(19.4 ppb) across the ten monitored sites in Sydney, with a
range of 5.5–13.1 (13.1–24.6) ppb, depending on site loca-
tion. This represents an almost two-fold variation in pollu-
tant concentrations. The NSW regulatory standard for 1 h
maximum NO2 is 120 ppb, and while the highest average
daily 1 h maximum concentration was 55 ppb, it should
be noted that all of the monitors were sited in back-
ground rather than hot-spot locations. Thus it is likely
that much higher readings would occur in heavily traf-
ficked locations, demonstrating the opportunities for
exposure minimisation.
Second, this study revealed that walkable areas where
people are more likely to participate in active transport,
Fig. 3 CCDs by IRSD (SES) quintiles for WRD tertiles and for walkability tertiles. The horizontal line represents the expected number of CCDs if
there was no association between SES (IRSD) quintiles and levels of WRD and walkability
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such as walking and cycling, tend to have higher TRAP.
This finding is potentially important in guiding planning
initiatives regarding the locations of pedestrian and cyc-
ling infrastructure. Previous studies have shown that
concentrations of air pollutants can vary depending on
the route chosen, with quieter or dedicated cycling/walk-
ing routes associated with lower TRAP exposures for
runners [28] and cyclists [29–31]. TRAP exposures also
vary over even smaller spatial scales, with studies report-
ing lower pollutant exposures (measured/modelled) for:
pedestrians compared to in-vehicle exposures [32]; pe-
destrians walking closer to building envelopes than the
road kerbside [33]; and a pedestrian boardwalks sepa-
rated from the roadside [34]. Clearly, improving neigh-
bourhood walkability without a detrimental increase in
TRAP exposure will require re-examination of where
pedestrian footpaths and bike lanes are placed, with
several studies calling for greater separation between
vehicles and pedestrians/cyclists [28, 35, 36]. Planning
and building active transport infrastructure with these
points in mind could maximise health gains from in-
creasing/improving walkable/cyclable neighbourhoods
without compromising exposure to air pollution.
The third and most upstream policy implication of
our study, and one relevant to many international cit-
ies, is providing insight into future transport planning
and development initiatives to design or transform
neighbourhoods to be walkable while ensuring low ex-
posure to TRAP. In 2013, the NSW state government
released a strategy for improving walkability, with par-
ticular attention placed on Sydney. While the strategy
highlights many examples, it focuses on increasing the
number of walking trips per person within 2 km of a
destination or urban centre [37]. At the same time
there is debate over major urban transport projects
and integrated land use [38]. For example, the pro-
posed Sydney WestConnex scheme is a 33 km road in-
frastructure project linking sections of Sydney through
a series of road tunnels and includes urban renewal of
a currently heavily trafficked surface road west of the
city centre, primarily a high walkability/high TRAP
location. This scheme could provide a major opportun-
ity to incorporate planning measures which improve
walkability, urban connectedness and reduce TRAP, if
coupled with a reduction in vehicular use [39], and
increased active or public transport infrastructure, and
improved land use mix. A North American study
showed that walkability, mixed land use, better street
connectivity and higher population densities are asso-
ciated with smaller but significantly lower estimated
NOx concentrations [40]. This demonstrates that redu-
cing localised TRAP requires a critical rethink of how
we plan urban re/development and transportation
systems.
Frank and Engelke (2005) have also highlighted the need
for other multi-component strategies to achieve better
walkability while maintaining or reducing TRAP emis-
sions, including altering utility across different travel
modes within neighbourhoods so that motorised modes
are made less attractive and active travel options become
a safer and more attractive experience, focussing on green
technologies for motor vehicles or using economic disin-
centives such as parking fees or zones to discourage motor
vehicular use [41].
A strength of our study is the use of previous method-
ology, and although the use of tertiles for defining
walkability-WRD categories is arbitrary, it enabled com-
parisons to be made between two very different settings-
Sydney and Vancouver [6]. While the use of quartiles or
quintiles would have resulted in different proportions of
sweet- and sour-spots, the resultant increased number of
categories could have made comparisons unwieldy.
We used a previously validated measure of walkability
that was associated with walking to work in Sydney [21].
Our estimate of TRAP applied a WRD measure that was
validated for an area within Sydney where it explained
59 % of the variability in roadside NO2, a commonly
used marker of TRAP [15]. We also found high correla-
tions between WRD for the CCD at the air quality mon-
itoring site (and for CCDs within 200 m and 2 km of the
monitors) and annual averaged NO2 measurements from
those monitors (spread across the Sydney metropolitan
area), suggesting that WRD, our proxy for TRAP, is a
valid measure for this analysis. Improvements in our
methodology might include the use of land use regres-
sion or dispersion modelled NO2 estimates as they
become available for the study area [42].
The underlying input of the road network to the calcu-
lations of both walkability and WRD is another potential
limitation and might partly explain the large percentage
of low-low and high-high walkability-WRD observations.
However, walkability was less strongly correlated to
WRD than it was to its input components of residential
density, land use and intersection density, suggesting
that other features such as residential density and land
use are important in determining walkability opportun-
ities in urban settings.
A limitation of our study was the use of a variable
sized spatial unit–the CCD. Australia introduced a new
standard geography for census data reporting in 2011 in-
cluding substantially smaller spatial units (Mesh Blocks)
than CCDs and future work could assess the sensitivity
of our walkability-WRD distributions to this smaller
spatial unit [43]. Despite the variability in the size of our
spatial unit compared to the average size of Vancouver
postcodes of 0.05 km2, the results for overall population
and neighbourhoods deemed “sweet-spots” and “sour-
spots” were highly consistent.
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Conclusions
This study found that few neighbourhoods in Sydney
have health promoting attributes of both high walkability
and low TRAP, while much larger proportions of neigh-
bourhoods have health limiting attributes of high TRAP
exposures or low walkability. Of concern, over five per-
cent of the Sydney population lives in neighbourhoods
which have both low walkability and high TRAP, thus
subject to a double burden of environmental attributes
conducive to poor health outcomes.
To remedy this situation, state and local governments
should seek out opportunities for increased neighbour-
hood walkability through improved urban development
and transport planning, taking care that new infrastruc-
ture projects, in-fill and redevelopments do not result in
a concomitant increase in TRAP exposure, especially
amongst highly exposed groups in the population like
pedestrians in high traffic areas and within lower SES
neighbourhoods.
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Geographical mapping and analysis of the 45 and Up Study
8th Annual 45 and Up Study Collaborators’ Meeting
29 September 2011
Eveleigh, Australia
Mayne D (presenting author),1 Morgan G,2 Willmore A,3 Bauman A,4 Jalaludin B,5 Bambrick H,6 Rose N,7
Lujic S,6 Rodgers B,8 Bennett C,9 Banks E10
1South Eastern Sydney Illawarra Public Health Unit, Health Reform Transition Organisation – Southern; Sydney School of Public Health, The
University of Sydney; 2University Centre for Rural Health North Coast, Sydney School of Public Health, The University of Sydney; North Coast
Area Health Service; 3Strategies and Land Supply, NSW Department of Planning; 4Prevention Research Collaboration, Sydney School of Public
Health, The University of Sydney; 5Centre for Research, Evidence Management and Surveillance, Clinical Support Division-Western; School
of Public Health and Community Medicine, UNSW; 6School of Medicine, University of Western Sydney; 7Population Health Information Branch,
Centre for Epidemiology & Research, NSW Department of Health; 8The Australian Demographic & Social Research Institute, The Australian
National University; 9National Centre for Epidemiology & Population Health, College of Medicine, Biology and Environment, The Australian
National University; 10Australian National University; The Sax Institute.
Geographic analysis of health data provides unique insights into the distribution of risk factors and dis-
ease in populations but survey data are rarely available at spatial resolutions or volumes needed to fully
utilise these methods. The 45 and Up Study is unique in this respect by providing researchers access to
geocoded data that permits the analysis of health outcomes and behaviours at geographic scales of scien-
tific and public health relevance, such as Census Collection Districts. The fine granularity of the data also
allows researchers to develop and assign novel exposures to cohort members such as access to parks and
green space, neighbourhood walkability and air pollution that are not collected as part of the study using
geographical information systems and spatial proximity queries. The spatial group of the SEEF Project is in-
vestigating social, environmental and economic factors of ageing using geocoded 45 and Up Study data. In
this presentation we describe the potential for geographic analysis of these data including the development
and assignment of a “walkability index” as an exposure variable for cohort participants; an overview of the
geographical regression methods we are using to construct “disease maps” from the study data; illustrative
maps for selected health outcomes and behaviours among baseline respondents to the 45 and Up Study.
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Geographical Mapping and 
Analysis of the 45 and Up Study
Mayne, Morgan, Wilmore et al. Geographical mapping and analysis 
of the 45 and Up Study. The Eighth Annual 45 and Up Study 
Collaborators' Meeting; 2011 September 29; Eveleigh, NSW.
• Potential for geographic mapping and analysis
• Geocoding completeness and spatial support
• Spatial linkage and novel exposure assessment
• Disease mapping
– Prevalence estimation of inadequate physical activity
– Relative risk estimation of inadequate physical activity
Overview
• Provides unique insights into risk factors and disease in 
populations
• Identify spatial variation in health outcomes at individual 
and areal levels that are not apparent using standard 
methods
• Account for non independence in data due to spatially 
varying risks
Geographic Mapping and Analysis
• Survey and cohort studies rarely fully utilise these methods
– Spatial resolutions of identifiers too course or not collected
– Insufficient data to support analysis at small area‐level
• 45 and Up Study uniquely positioned for spatial analysis
– Large sample size >250,000
– Oversample in less populous areas (rural and remote NSW)
– Residential address collected and geocoded to point level
– Allows for spatial analysis at individual and areal levels 
(depending on data access‐level approval)
45 and Up Study Opportunities
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Selected Spatial Supports
for the 45 and Up Study
®
0 2 4 6 81
Kilometres
Datum:      GDA 1994
Projection: NSW Lambert Conformal
Obese weight
! Yes
! No
Obesity Prevalence (%)
  0.0 - 20.6
20.7 - 22.8
22.9 - 25.3
25.4 - 27.1
27.2 - 31.8
Collection Districts
Postal Areas
Addresses
Census Suburbs
Address Intersection Street Locality No Match Total
NSW 192,74180.2%
25
0.0%
16,552
6.9%
30,865
12.9%
24
0.0%
240,207
Major cities 96,89689.7%
1
0.0%
5,151
4.7%
5,926
5.5%
6
0.0%
107,980
Regional 93,32273.3%
24
0.0%
11,025
8.7%
22,905
18.0%
6
0.0%
127,282
Remote 2,46151.2%
0
0.0%
364
7.6%
1,986
41.3%
0
0.0%
4,811
Unknown 62 0 12 48 12 134
NOTE: Geocoding is incomplete for 26,641 (10.0%) records: 12,188 major cities, 13,188 regional, 489 remote and 69 unknown
Geocoding Completeness
• Link to existing spatially‐referenced data using GIS
– Census
– Environmental data
 Infrastructure (roads, public transport, footpaths, etc)
 Air quality (fixed site monitors and interpolated surfaces)
 Meteorological data (temperature and humidity)
 Green space and parks
– Topography (hilliness) and vegetation
• Assess effect of location changes on outcomes
– E.g. access to green space and mental wellbeing
• Develop novel exposures
Spatial Linkage
• Objective index of walkability for Sydney Metro Region
• Constructed at 2006 Collection District level using GIS
• Comprises three environmental variables:
– Net residential density per square hectare
– Three‐way road intersection density per square kilometre
– Land use Mix:  ∑ 𝑝௜ ൈ 𝑙𝑛𝑝௜ 𝑙𝑛𝑁⁄ (entropy of residential, 
commercial, industrial, recreational and other land uses)
• Variables standardised and summed: index score 3–30
• Walk quartiles: low, low‐medium, medium‐high, and high
Sydney Walkability Index
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Como
Tempe
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Lakemba
Kurnell
Kogarah
Kirkham
Killara
Hornsby
Holroyd
Galston
Enfield
Croydon
Concord
Colyton
Colebee
Berowra
Belrose
Balmain
Austral
Asquith
Arcadia
Pemulwuy
Woolwich
Woodbine
Westmead
Waterloo
Warumbul
Wallacia
Vaucluse
The Spit
Sylvania
Seaforth
Rossmore
Rosehill
Rose Bay
Prospect
Plumpton
Mortdale
Milperra Maroubra
Marayong
Maraylya
Llandilo
Lansvale
Hillside
Glenorie
Engadine Cronulla
Cobbitty
Clovelly
Carramar
Bundeena
Brooklyn
Bradbury
Berrilee
Beecroft
Artarmon
Yowie Bay
Westleigh
Waterfall
The Basin
Oran Park
Northwood
Northmead
Narrabeen
Mona Vale
Luddenham
Long Reef
Kingswood
Kenthurst
Ingleside
Ingleburn
Heathcote
Guildford
Greendale
Glenhaven
Girraween Denistone
Crestwood
Chatswood
Caringbah
Bonnyrigg
Blacktown
Akuna Bay
Werrington
Wedderburn
Varroville
Turramurra
Smithfield
Schofields
Sans Souci
Rouse Hill
Rosemeadow
Rooty Hill
Riverstone
Manly Vale
Long Point
Little Bay
Leppington
Kingsgrove
Kings Park
Kellyville
Holsworthy
Fiddletown
Emu Plains
Ellis Lane
Cranebrook
Cecil Park
Careel Bay
Canoelands
Abbotsbury
West Hoxton
Watsons Bay
Towlers Bay
Spring Farm
Shanes Park
Seven Hills
Sandy Point Port Botany
North Rocks
Mount Colah
Monash Park
Model Farms
Londonderry
Kemps Creek
HMAS Watson
Forest Glen
Emu Heights
Castlereagh
Castle Hill
Bobbin Head
Agnes Banks
Terrey Hills
Mount Vernon
Middle Dural
Marsden Park
Laughtondale
Horsley Park
Erskine Park
Condell Park
Camden South
St Ives Chase
South Maroota
Pennant Hills
Orchard Hills
Narellan Vale
Menangle Park
Lucas Heights
Glenmore Park
Duffys Forest
Dangar Island
Burwood North
Wisemans Ferry
Edmondson Park
East Lindfield
Berowra Waters
Baulkham Hills
Singletons Mill
Sackville North
North Narrabeen
Milsons Passage
Macquarie Links
Harrington Park
Currawong Beach
Barrenjoey Head
Middleton Grange
Lower Hawkesbury
Londonderry RAAF
Marrickville South
Sydney Walkability Index
®
Walkability Quartiles
Low
Low-medium
Medium-high
High
0 8 16 24 324
Kilometres
Datum:      GDA 1994
Projection: NSW Lambert Conformal
• Three outcomes of interest
– Physical activity (inadequate physical activity) 
– Body mass index (obesity)
– Mental Health (high psychosocial distress)
• Initial focus is Sydney Metro Region to refine methodology
• Using “disease mapping” to recover prevalence and risk
• Analysis of 74,168 of 81,479 (91%) geocoded respondents 
with valid outcome data
• Aggregated to postal areas and modelled as area counts
Mapping the 45 and Up Study
• Besag, York and Mollié (1991) convolution model
• Flexible Bayesian approach for generalised linear models
• Smooths estimates using local and global variance terms
• Decomposes area‐specific random effects into a
– Spatially structured effect that produces local smoothing 
(conditional autoregressive distribution incorporating average 
risk in adjacent areas)
– Unstructured between‐area effect that produces global 
smoothing (normally distributed)
Disease Mapping
• Prevalence model using logistic regression
logit 𝑝௜ ൌ 𝛼 ൅ 𝑢௜ ൅ 𝑣௜
Where
𝑢௜~𝑁 𝑢ത௜, 𝜏
ଶ
𝑢ത௜ is the average risk in adjoining areas
𝜏ଶ is proportional to number of adjoining areas
𝑣௜~𝑁 0, 𝜏
ଶ
Cohort Prevalence
𝜏௜
𝜏௩
Inadequate Physical
Activity (Observed)
(<150 minutes per week)
®
Cohort Prevalence (%)
  0.0 -   24.5
24.6 -   28.4
28.5 -   33.6
33.7 -   38.8
38.9 - 100.0
0 8 16 24 324
Kilometres
Datum:      GDA 1994
Projection: NSW Lambert Conformal
Inadequate Physical
Activity (Smoothed)
(<150 minutes per week)
®
Cohort Prevalence (%)
16.2 -   24.5
24.6 -   28.4
28.5 -   33.6
33.7 -   38.8
38.9 -   45.1
0 8 16 24 324
Kilometres
Datum:      GDA 1994
Projection: NSW Lambert Conformal
• Relative risk model using Poisson regression
– Consistent with cohort design
– Individual‐level adjustment using age‐sex standardisation
log 𝑜௜ ൌ  𝛼 ൅𝑢௜ ൅𝑣௜ ൅ log 𝑒௜
Where
𝑜௜ is the observed count of inactive persons in the ith area
𝑒௜ ൌ ∑ 𝑛௝௞ ൈ 𝑃௝௞
Relative Risk Estimation
Inadequate Physical
Activity (Observed)
(<150 minutes per week)
®
Relative Risk
0.00 - 0.78
0.79 - 0.92
0.93 - 1.09
1.10 - 1.26
1.27 - 3.36
0 8 16 24 324
Kilometres
Datum:      GDA 1994
Projection: NSW Lambert Conformal
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Inadequate Physical
Activity (Smoothed)
(<150 minutes per week)
®
Relative Risk
0.57 - 0.78
0.79 - 0.92
0.93 - 1.09
1.10 - 1.26
1.27 - 1.50
0 8 16 24 324
Kilometres
Datum:      GDA 1994
Projection: NSW Lambert Conformal
• 45 and Up Study is uniquely placed to take advantage of 
geoscience and spatial epidemiological methods
• Geographical methods can be used to link existing and novel 
exposure data to 45 and Up Study respondents
• Disease mapping provides a flexible approach for exploring 
structure in 45 and Up Study data
• Preliminary analyses provide some evidence of geographic 
patterning in measured outcomes
Conclusion
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Introduction: Walkability describes the pedestrian friendliness of built environments and is most consistently
associated with walking for utilitarian purposes. Objective methods for characterising the walkability of areas
using geographical information systems (GIS) are available but technical and data requirements limit their
utilisation. This research aimed to construct and validate an objective index of walkability for metropolitan
Sydney (Australia’s most populous city) to facilitate research, policy and planning initiatives in this region.
Methods: Environmental measures of residential density, intersection density, land use mix and net retail
area were compiled for 5,858 Census Collection Districts in Sydney using a GIS. Each environmental vari-
able was divided into deciles, scored from 1 (lowest) to 10 (highest), and summed to give a single walkability
index score, which was categorised into low, low-medium, medium-high and high walkability quartiles. The
prevalence of reporting walking to work within Sydney Census Collection Districts at the 2006 Australian
Census of Population and Housing adjusted for area-level median household income was used to validate
the walkability index score.
Results: An abridged index of residential density, intersection density and land use mix was constructed for
all metropolitan Sydney because net retail area was unavailable for 94.7% of Census Collection Districts;
a full index including net retail area was calculated for 311 Census Collection Districts in the City of Syd-
ney local government area. Abridged and full walkability index scores for these 311 areas were strongly
correlated (r=0.93) and there was good agreement between walkability quartiles (weighted Kappa=0.73).
Land use and density estimates were moderately to strongly positively associated for the greater Sydney
metropolitan area (r=0.26–0.67). Prevalence of walking to work was 3% in low income-low walkability areas
versus 7.9% in low income-high walkability areas, and 2.1% in high income-low walkability areas versus
11% in high income-high walkability areas. The odds of walking to work were 1.24 (1.20–1.27), 2.31 (2.25–
2.37) and 6.15 (6.01–6.30) times higher in Census Collection Districts with low-medium, medium-high and
high walkability compared to low walkability after controlling for household income.
Conclusion: The abridged walkability index for metropolitan Sydney is comparable to existing indexes that
include net retail area and has demonstrated specificity for utilitarian walking behaviour. The index utilises
the best available spatial data and is easily linked to existing data sources with address-level identifiers,
reducing the need for high-level GIS expertise and potentially contributing to greater comparability across
research, policy and planning applications.
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Aim
• Construct and validate an objective 
index of walkability for the Sydney 
Metropolitan area that was:
–Comparable to existing indexes, and
– Supported environment-behaviour research 
within the NSW 45 and Up Study of ageing
Methods
• Modelled on two existing walkability indexes
– Physical Activity in Localities and Community 
Environments Study AND Neighbourhood Quality 
of Life Study
– Comprising four environmental variables
• Construction
– Area-level using 2006 Census Collection Districts
– Derived using a geographical information system
– Sum of environmental variable decile ranks
• Validation
– 2006 Census travel to work data
Construction Outcomes
Comparison of full and abridged walkability indexes for City of Sydney
Indirect Validation Outcomes
Frequencies Income Adjusted
Employed Walked Prevalence OR 95% CI
Walking category
Low 404,462 9,175 2.3% Reference
Low-medium 436,689 11,816 2.7% 1.24 1.20–1.27
Medium-high 332,483 16,323 4.9% 2.31 2.25–2.37
High 299,424 36,607 12.2% 6.15 6.01–6.30
Walkability index against Census prevalence of walking to work
Conclusions
• Abridged index is comparable to full index
• Evidence of construct validity and specificity 
for utilitarian walking
• Easily linked to data sets with location 
identifiers
• Potential to improve comparability of 
environment-behaviour research
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The built environment is linked to physical activity, obesity as well as cardiovascular and respiratory health.
There is limited literature on the interaction between walkability and key environmental attributes such as
traffic related air pollution (TRAP). We used a similar methodological approach to a Vancouver study (Mar-
shall et al. Environ Health Perspect 2009;117:1752-1759) and estimated walkability and TRAP in the Sydney
metropolitan area for 5890 Census Collector Districts (CCD’s) for 2007. We used a published and validated
walkability index for Sydney based on residential dwelling density, intersection density and, land use mix.
CCD level TRAP was estimated using a published weighted road density index as a marker of NO2 devel-
oped and validated in Sydney, which has been shown to predict 59% of the variability in roadside NO2. For
each CCD we estimate TRAP tertiles and walkability tertiles (low, medium, high). We used the Index of Rel-
ative Socio Economic Disadvantage to estimate CCD level socio economic status (SES). High walkability
was most concentrated in eastern and central Sydney with lower levels in western and outer suburbs. High
TRAP tended to be concentrated in central and eastern Sydney and became more dispersed in western
Sydney. 4.2% of CCD’s in Sydney were classified as sweet-spots (high walkability/low TRAP) and 4.5%
were sour-spots (low walkability/high TRAP). There was a higher prevalence of sweet-spots in higher SES
quintiles. Both the lowest and highest SES quintiles had a lower prevalence of sour spots compared to mid-
range quintiles. Although the percentage distribution of the sweet and sour spots is similar in Sydney and
Vancouver, the distribution is different with respect to SES. Given the health consequences of both physical
inactivity and exposure to TRAP it is important to identify their complex spatial patterns within urban areas
to guide urban planning and transport policy initiatives to maximize health gains.
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Background: Walkability describes the capacity of the built environment to facilitate walking and may provide
useful information for urban design, transport, and health policy and planning. The aim of this study was to
explore contributions of area level walkability to spatial variation in health-benefiting moderate and vigorous
physical activity (MVPA) behaviours in Sydney residents of the 45 and Up Study.
Methods: Data on sufficient walking and total MVPA to benefit health, and high MVPA were obtained for
95,837 Sydney respondents to the baseline survey of the 45 and Up Study. We used Bayesian conditional
auto-regressive (CAR) Poisson models fit at the postcode-level to obtain smoothed disease maps of MVPA
outcomes and assess relationships between prevalence of MVPA outcomes and walkability after adjusting
for individual- and area-level demographic, socioeconomic and health factors.
Results: The within-cohort prevalence of sufficient walking and MVPA, and high MVPA were 31.7 (31.4-
32.0), 69.4 (69.1-69.7), and 56.1 (55.8-56.4) per cent. In fully adjusted spatial regressions the prevalence
of attaining sufficient walking and total MVPA to benefit health were increased by factors of 1.18 (1.09-1.27)
and 1.04 (1.01-1.08) for high compared to low walkability postcodes; walkability was unrelated to high MVPA
to benefit health. Area-level walkability explained 8.2% and 22.7% of residual spatial variation in prevalence
of sufficient walking and MVPA to benefit health not attributable individual-level factors.
Conclusions: Systematic spatial variation exists in the distribution of MVPA outcomes across Sydney. Dif-
ferences in the walkability of Sydney postcodes explain a small but not insignificant amount of this variation.
Walkability indexes may help to inform and target plans to increase opportunities for physical activity such
as the Sydney metropolitan plan.
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THE GEOGRAPHY OF 
WALKING IN SYDNEY
The Contribution of Area-level Walkability to Geographic 
Variation in Physical Activity: A Spatial Analysis of 45 and Up 
Study Participants Living in Sydney
Mr Darren Mayne
Associate Professor Geoff Morgan
Professor Bin Jalaludin
Professor Adrian Bauman
Locations simulated from counts of respondents within postal areas 
Walking and Walkability
• Moderate-intensity walking used to 
increase population levels of MVPA
• Walkability refers to capacity of built 
environments to promote walking
• Residents more likely to walk in high  
versus low walk neighbourhoods
Policy and planning relevance
• Walkability evidence is “sufficiently robust” 
for planning activities
• Infrastructure upgrades & developments
• Evidence derived at micro-levels but used 
for regional planning
• Is it valid for cross-level action? (e.g. A Plan 
for Growing Sydney)
Research Questions
1. Is postal area prevalence of walking 
related to walkability in Sydney? 
2. Is postal area prevalence of walking 
spatially structured in Sydney?
3. If yes, does postal area walkability 
explain any of this variation? 
Disease mapping
• Bayesian spatial statistical method 
• Used to “smooth” risk and prevalence maps
• Map variation split into spatial and non-spatial 
factors
• Can quantify the contributions of explanatory 
variables to spatial and non-spatial variation
Design
• Ecological analysis in Sydney Statistical District
─ 2006 Census Postal Areas (n=260)
─ 95,837 baseline participants
• Adjusted for person and area-level factors
• Outcome: Prevalence of walking
• Study factor: Sydney Walkability Index (SWI)
• Covariates: individual factors and postal-area IRSD
Walking is related to walkability
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1.07
1.20
0.5
1
1.5
Low Low-medium Medium-high High
P r
e v
a l
e n
c e
 R
a t
i o
Walkability
Prevalence of walking is highly structured in Sydney 
Prevalence Ratio Statistical Significance
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Person-level factors explain some of this structure…
Prevalence Ratio Statistical Significance
Postal area IRSD explains very little of this structure…
Prevalence Ratio Statistical Significance
But postal area walkability explains a lot of this structure!
Prevalence Ratio Statistical Significance
Summary
• Walkability is associated with sufficient walking to benefit 
health
• Strongest for most versus least walkable areas
• Sufficient walking to benefit health is highly spatially 
structured
• Walkability accounts for 60% of geographic variation in 
walking not explained by person and area-level factors
Research implications
• Supports use of walkability indexes for policy 
and planning activities
• Disease mapping is useful for identifying 
geographic areas at low or high risk
• Walkability research should account for 
spatial structure in outcomes and exposures
Future opportunities
• Other outcomes and behaviours
• Environmental data, e.g. air quality  
• Finer spatial resolutions, e.g. address
• Spatiotemporal analysis
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Background: Walkability describes the capacity of the built environment to facilitate walking and may provide
useful information for urban design, transport, and health planning. The aim of this study was to explore
contributions of area level walkability to spatial variation in moderate and vigorous physical activity (MVPA)
to improve health among middle and older age residents of Sydney, Australia.
Methods: Data on sufficient walking, total and high MVPA to enhance health were obtained for 95,837
Sydney respondents to the 45 and Up Study. We used Bayesian hierarchical spatial models fit to 2006 Cen-
sus postal areas to obtain smoothed disease maps of MVPA outcomes and assess relationships between
prevalence of MVPA outcomes and walkability after adjusting for individual and postal area factors.
Results: The cohort prevalence of meeting recommendations for sufficient walking, total and high MVPA to
enhance health were 31.7 (31.4–32.0), 69.4 (69.1–69.7), and 56.1 (55.8–56.4) percent, respectively. Spatial
models indicated the prevalence of attaining sufficient walking and total MVPA were increased by factors of
1.20 (1.12–1.29) and 1.05 (1.01–1.08) for high compared to low walkability postal areas; walkability was
unrelated to high MVPA. Postal area walkability accounted for 65.8 and 47.4 percent of residual spatial
variation in sufficient walking and total MVPA not explained by individual-level factors.
Conclusions: Systematic variation exists in the geographic distribution of sufficient MVPA to improve health
within Sydney. Postal area walkability accounts for a sizeable amount of this variation. Walkability indexes
may help inform and target plans to increase population levels of physical activity.
Key Messages:
1. Participation in physical activity to improve health varies geographically in Sydney
2. This variation is independent of individual-level demographic, social, economic and health factors
3. Differences in the walkability of built environments in Sydney may contribute to this geographic variation
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Background
• Health benefits of moderate and vigorous 
physical activity (MVPA)
• Walking used to increase population MVPA
• Walkability describes the capacity of built 
environments to promote walking
• Objectively measured using GIS indexes
• Residents more likely to walk in high versus low 
walk micro neighbourhoods
Policy and Planning Relevance
• Walkability evidence is “sufficiently robust” 
• Infrastructure upgrades & developments
• Micro evidence → macro planning
• Is it valid for cross-level action?
• Does it explain variation between areas?
Aims
• Evaluate if micro-level associations between 
walking and walkability scale to populations
• Assess the specificity of area-level walkability 
for walking compared to other MVPA
• Describe geographic variation in walking and 
other MVPA
• Quantify the contribution of walkability to this 
variation in the Sydney
Study Area
• Sydney Statistical Division
• Land area of 12,142 km2
• 4.1M persons, 1.6M dwellings
• 260 postal areas (POA)
• 13,090 persons, 5,304 dwellings
Study Base
• 45 and Up Study (2006–2010)
• Population-based cohort (N=266,848)
• 11% total New South Wales population
• Randomly selected from Medicare database 
(18% response rate)
• Sydney respondents (N=115,153)
– 95,837 with complete data (83.2%)
Study Design
• Cross-sectional, ecological study (POA unit of analysis)
• Outcomes (POA prevalence)
– Sufficient walking (150 min, 5 sessions)
– Sufficient total MVPA (150 mins, 5 sessions)
– High total MVPA (≥300 mins, 5 sessions)
• Covariates
– Individual: sex, age, language, education, relationship, 
employment, health insurance, smoking, BMI, chronic 
conditions ever and treated, physical and role limitation
– Area: Index of Relative Socioeconomic Disadvantage (IRSD)
Study Factor
• Sydney Walkability Index (SWI)
• Three variables
– Residential dwelling density (ha)
– Intersection density (km2)
– Land use mix (entropy)
• Derived using GIS
– Variables divided into deciles
– Scored 1 (lowest) to 10 (highest)
– Sum values for total score
– Divide total score into quartiles
• Comparable to 4 variable indexes
– Including retail floor area ratio
Analysis
• Bayesian “disease mapping” and ecological regression
– Besag, York and Mollié (BYM) conditional auto-regression (CAR) model
• Area-specific random effects decomposed into global and local factors
– Global varies in an unstructured way between areas
– Local varies in a structured way space
• Estimate prevalence ratio using Poisson CAR models
– observed/expected outcomes
• SWI and IRSD included as ecological variables
• Residual prevalence = global + local components
Spatial Models
Model Variables Expected
M1 None (unadjusted offsets) 𝑝 ൈ 𝑛௝
M2 None (adjusted offsets) ෍𝑌෠௜௝
M3 M2 + IRSD ෍𝑌෠௜௝
M4 M3 + SWI ෍𝑌෠௜௝
𝑝 overall prevalence
𝑛௝ number of respondents in jth POA
∑𝑌෠௜௝ Sum of predicted probabilities of outcome for individuals in jth POA from logistic regressions 
conditioned on person-level social, economic and health factors
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M1: Null with unadjusted offsets
M2: Null with adjusted offsets M3: M2 + IRSD
M4: M3 + SWI Effect Estimates for SWI
Spatial Fractions and Reductions
Model Sufficient Walking Sufficient Total MVPA High Total MVPA
Spatial 
Fraction
 Spatial 
Variance
Spatial 
Fraction
 Spatial 
Variance
Spatial 
Fraction
 Spatial 
Variance
M1 (Null) 0.98 – 0.97 – 0.98 –
M2 (M1 + Individual factors) 0.97 -44.4% 0.85 -84.2% 0.90 -82.5%
M3 (M2 + Area IRSD) 0.97 +9.2% 0.83 -14.8% 0.86 -26.3%
M4 (M3 + Area SWI) 0.93 -59.8% 0.69 -53.5% 0.83 -19.4%
Spatial fraction = (Spatial variance)/(Spatial variance + non-spatial variance)
Summary
• POA walkability is associated with area-level 
walking and total MVPA to enhance health
• Strongest for most versus least walkable areas
• Sufficient walking and total MVPA, and high 
total MVPA are highly spatially structured
• Walkability accounts for 60% and 54% of spatial 
variation in sufficient walking and total MVPA
Policy and Research Implications
• Supports using walkability indexes for 
regional policy and planning
• Disease mapping useful for identifying 
areas with lower or higher prevalence
• Walkability research should account for 
spatial structure in design and analysis
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Background: The aim of this study was to assess ecological associations between area-level walkability and
the spatial distribution of high psychosocial distress (HPSD) and role limitation due to emotional problems
(RLEP) in Sydney.
Methods: Data on HPSD and RLEP were analysed for 91,142 Sydney respondents to the baseline survey of
the 45 and Up Study conducted between January 2006 and April 2010. We used conditional auto regressive
(CAR) models fit at the postal area level to create smoothed “disease maps” for HPSD and RLEP, and
assess their associations with area-level walkability adjusted for area-level socioeconomic disadvantage,
and individual level demographic, social and economic factors.
Results: Risk of HPSD and RLEP was geographically correlated with over 90% of variation due to un-
observed spatial random effects for HPSD (ICC=0.99) and RLEP (ICC=0.93). Variation was reduced by
45.6% for HPSD and 43.5% for RLEP with the addition of individual and area level variables to CAR models.
Postal area walkability was associated with RLEP but not HPSD, while postal area socioeconomic status
was related to HPSD but not RLEP. Compared to the lowest walkability postal areas, the relative risk (RR)
of RLEP was lower for postal areas in the second (RR=0.95, 95% CI = 0.91–0.98) and third (RR=0.95,
95% CI = 0.91–0.99) least walkable quartiles but similar for the most walkable quartile (RR=1.02, 95% CI =
0.97–1.07). Area level socioeconomic disadvantage did not modify the association between walkability and
HPSD or RLEP.
Conclusions: Postal area walkability is associated with population levels of RLEP but not HPSD in Sydney,
Australia. Interventions to increase opportunities for active transportation that improve the walkability of built
environments may also help reduce functional role limitation due to emotional problems.
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Calls to Action
• Reduce mental illness
– Health and social sectors
• Address many determinants
– Environmental factors
• Built environments
– Walkability
 ↑ Physical activity
 ↑ Social cohesion
Aims
1. Is walkability related to poorer area-level 
mental health outcomes in Sydney?
2. Is poorer mental health spatially structured 
in Sydney?
3. Does walkability explain spatial variation in 
poorer mental health not accounted for 
by social, economic and health factors?
Study Area
• Sydney Statistical Division
• Land area of 12,142 km2
• 4.1M persons, 1.6M dwellings
• 260 postal areas (POA)
• 13,090 persons, 5,304 dwellings
Study Base
• 45 and Up Study (2006–2010)
• Population-based cohort (N=266,848)
• 11% total New South Wales population
• Medicare database (18% response rate)
• Sydney: 91,142 / 115,153 complete data (79.1%)
• Data provided with 2006 POA spatial identifiers
Design
• Cross-sectional, ecological study using 2006 POA
• Outcomes 
– High psychosocial distress (Kessler 10 score ≥ 22)
 Felt tired for no good reason, nervous, so nervous that nothing could calm them down, hopeless; 
restless or fidgety; so restless that they could not sit still; depressed, that everything was an effort; so sad 
that nothing could cheer them up; and worthless
– Severe role limitation due to emotional problems (RE = 0)
 Reduced time on work or other activity; accomplished less than intended; completed tasks less 
carefully due to emotional problems such as feeling depressed or anxious
Study Factor (POA ≈ 1,550m)
• Sydney Walkability Index (SWI)
– Residential density
– Network connectivity
– Land use mix
• Objectively derived in GIS
– Variable scores → deciles
– Score 1 (low) to 10 (high)
– Sum values for total score
– Divide total into quartiles
• Same as 4 variable indexes
– NQLS (2010) & PLACE (2007)
Covariates and confounders
• Area
– Index of Relative Socioeconomic Disadvantage (IRSD)
General measure of disadvantage derived from Census variables indicative of low socioeconomic well 
being such as percent of population ≥15 years with no post school qualification; percent of population 
unemployed; percent of employed persons classified as laborers; percent of private dwellings with no 
motor car; and percent of people who do not speak English.
• Individual
– Gender, age, language, education, relationship, employment, health 
insurance, smoking, physical activity, body mass index, chronic 
conditions ever diagnosed and recently treated, physical limitation
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Multi-stage analysis
1. Individual-level fixed-effects logistic regression
– Used to obtain adjusted expected values (offsets) for stage 2
2. Bayesian “disease mapping” and ecological spatial regressions at POA level
– Besag, York and Mollié (BYM) conditional auto regressions (CAR) with Poisson 
likelihoods
– Relative risk model OBS ൊ EXP
– Area-specific random effects decomposed into global 𝑢௝  and local 𝑠௝  factors
 Global effects are spatially unstructured (heterogeneity)
 Local effects are spatially structured—conditioned on mean of neighbours (clustering)
– Residual prevalence ratio (RPR) estimated as 𝑒௨ೕା௦ೕ
3. Prevalence and residual prevalence ratios visualised using choropleth maps
Stage 1: Individual (N=91,142)
𝑒௝ ൌ ෍ 𝑙𝑛 𝑌෠௜௝
ଶ଺଴
௝ୀଵ
ൌ 𝛽଴ ൅ 𝑥௜𝛽
sex
age
language
education
relationship
employment
health insurance
smoking 
physical activity
 BMI
chronic conditions ever
 chronic conditions treated
physical limitation
Stage 2: Area (N=260)
௝ ௝ ௝ ଴ ௝ ଵ ௝ ଶ ௝ ௝
Where:
௝ ௝ or ௝ from stage 1 models 
௝ Local spatial random effect
௝ Global non-spatial random effect
Spatial Models
Model Variables Offsets
M1 None (unadjusted offsets) 𝑝 ൈ 𝑛௝
M2 None (adjusted offsets) ෍ 𝑒௜௝
M3 M2 + IRSD ෍ 𝑒௜௝
M4 M2 + SWI ෍ 𝑒௜௝
M5 M2 + IRSD + SWI ෍ 𝑒௜௝
Within-cohort Prevalence
7.8
29.3
0
5
10
15
20
25
30
35
Psychosocial distress Role limitation
P r
e v
a l
e n
c e
 ( %
)
Walkability Effect Estimates
M1: Smooth Risk (Null) M2: Smooth Risk (Adjusted Null)
M3: Smooth Risk (M2 + IRSD) M5: Smooth Risk (M2 + IRSD + SWI)
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M2: Smooth Risk (Adjusted Null) M4: Smooth Risk (M2 + SWI)
Spatial Fractions and Reductions
Model Psychosocial distress Role limitation
Spatial 
fraction
Variance ሺ𝑠ሻ
reduction
Spatial 
fraction
Variance ሺ𝑠ሻ
reduction
M1 (Null) 0.99 – 0.93 –
M2 (Adjusted Null) versus M1 0.88 -97.3% 0.70 -82.6%
M3 (M2 + IRSD) versus M2 0.61 -80.9% 0.70 +3.8%
M4 (M2 + SWI) versus M2 0.88 +4.8% 0.49 -57.4%
M5 (M2 + IRSD + SWI) versus M3 0.55 -19.6% 0.52 -54.5%
Spatial fraction = spatial variance ሺ𝑠ሻ / [spatial variance ሺ𝑠ሻ + non-spatial variance ሺ𝑢ሻ]
Summary
• Poorer mental health highly structured
• Structure mostly due to person-level factors
• Walkability associated with role limitation
– Reduced for POA’s with middling walkability
• Walkability unrelated to psychosocial distress
• ≈1% (PD) and ≈9% (RL) remains unexplained
Strengths and Limitations
• Strengths
– Large, spatially-enabled cohort
– Objectively measured exposure (but sample specific quartiles)
– Explicitly spatial approach
• Limitations
– Exposure misclassification
– Younger, more educated, likely to speak English and live alone
– Multi-stage modelling approach
– Spatial scale effects
– POA not “technically” a planning unit
Conclusions
• No support for walkability as an area-level correlate of 
high psychosocial distress
• Some support for and association with severe role 
limitation due to emotional problems
• Built environment influences likely to be more proximal 
(i.e. micro or meso)
• Disease mapping useful for exploring areas with lower or 
higher prevalence of adverse mental health outcomes
• Walkability research should consider the potential for 
spatial autocorrelation in study design and analysis
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Is it Worth the Weight? Adjusting Physical Activity Ratio Estimates for Individual-level
Non-response is not Required in Area-level Spatial Analyses of the 45 and Up Study Cohort
45 and Up Study Annual Forum
24 October 2017
Sydney, Australia
Mayne DJ (presenting author),1,2,3,4 Morgan GG,1,5 Jalaludin BB,6,7 and Bauman AE1
1Sydney School of Public Health, The University of Sydney, Sydney, NSW 2006, Australia; 2Public Health Unit, Illawarra Shoalhaven Local
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Background: Analyses of geocoded 45 and Up Study data provide a unique opportunity to understand the
role of place in healthy ageing. Research has demonstrated the generalisability of non-spatial relative effect
measures from the 45 and Up Study, regardless of sample weighting. However, whether adjustment for non-
response is required for valid geospatial analyses is less clear and potentially more critical. This presentation
describes initial work comparing weighted and unweighted ratio estimators for area-level spatial analyses of
45 and Up Study data.
Methods: Prevalence ratios (PR) for area-level sufficient walking, total moderate and vigorous physical
activity (MVPA), and high MVPA were estimated for 260 postal areas in the Sydney Statistical Division
(SD) using data from the 45 and Up Study baseline data collection. Ratios were calculated by aggregating
observed and predicted probabilities of outcomes within 2006 Census postal areas from individual-level
logistic regression models with and without adjustment for individual-level non-response. Post-stratification
survey weights were calculated to benchmark the study sample to the 2006 Sydney SD, with post-strata
formed by postal areas, sex, and five-year age groups. We evaluated the performance of weighted and
unweighted estimators using scatter plots and Pearson correlation coefficients (r) to visualise relationships
and strength of associations, and mean differences to assess the direction of any bias.
Results: Complete data on physical activity outcomes were available for 95,837 persons in the Sydney SD.
Paired comparisons of weighted and unweighted estimators indicated strong, positive linear associations
correlations of 0.98 (r2=0.96), r=0.94 (r2=0.88) and r=0.96 (r2=0.92), and mean differences of 0.009 (-0.002–
0.016), 0.002 (-0.005–0.013) and -0.004 (-0.011–0.008) for sufficient walking, total MVPA, and high MVPA,
respectively.
Conclusions: Unweighted area-level ratio estimators of physical activity outcomes appear unaffected by
individual-level non-response, and may be used for spatial analyses of the 45 and Up Study cohort.
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IS IT WORTH THE WEIGHT?
ADJUSTING PHYSICAL ACTIVITY RATIO ESTIMATES FOR INDIVIDUAL-LEVEL NON-RESPONSE IS 
NOT REQUIRED IN AREA-LEVEL SPATIAL ANALYSES OF THE 45 AND UP STUDY COHORT
Mr Darren J Mayne
Sydney School of Public Health, The University of Sydney
Public Health Unit, Illawarra Shoalhaven Local Health District
School of Medicine, University of Wollongong
Illawarra Health and Medical Research Institute
Associate Professor Geoffrey G Morgan
University Centre for Rural Health – School of Public Health, The University of Sydney NSW
Professor Bin B Jalaludin
Ingham Institute, University of New South Wales
Healthy People and Places Unit, Population Health, South Western Sydney Local Health District
Professor Adrian E Bauman
Sydney School of Public Health, The University of Sydney
Within-cohort risk ratio estimators
• Criqui (1979)
– Generalisable to populations
– Non-representative samples  
• Nohr et al (2006)
– Unbiased by non response
• Mealing et al (2010)
– Similar to Pop Health Survey
– Weighting not required
Spatial analysis of 45 and Up
• Walking, total MVPA & high MVPA
• Sydney Statistical Division
• Two stage-model
1. Individual-level (non-spatial)
 Fixed-effect logistic regression
2. Postal area-level (Spatial)
 Random-effect Poisson CAR
Are spatial risks generalisable?
Methods
• Weight sample to 2006 Sydney SD
– POA (n=260), Sex (M/F), age (54–84, ≥85)
• Compare observed ratio estimators
– Scatter plots, correlations & difference scores
• Compare smoothed ratio estimators
– BYM spatial model fit using INLA
– Scatter plots, correlations & disease maps
Observed associations
y-x = -0.004 (-0.011 to 0.008)y-x = 0.002 (-0.005 to 0.013)y-x = 0.009 (-0.002 to 0.016)
Smoothed walking Smoothed total MVPA
Smoothed high MVPA Conclusions
• Unweighted area-level ratio estimators
– Highly correlated with weighted estimates
– Unbiased by individual-level non-response
– Recover similarly structured risk maps
• Unweighted data sufficient for spatial 
analyses of the 45 and Up Study
• Findings are potentially generalisable
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Mapping and Overlaying Exposure Variables
10th Annual 45 and Up Study Collaborators’ Study
11 October 2013
Sydney, Australia
Morgan G (presenting author),1 Mayne D (presenting author)2,3,4
1University Centre for Rural Health – North Coast, The University of Sydney, Lismore NSW 2480, Australia; 2Illawarra Shoalhaven Local Health
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This invited presentation was given as a masterclass session on geospatial analysis of the 45 and Up
Study. It focused on spatial analysis using fully Bayesian Besag, York and Mollié [329] conditional auto
regression models to estimate ecological relative risks for administrative units using aggregate individual-
and contextual area-level data. The presentation represents the first formal exposition of the geospatial
analytic methods I was developing for thesis chapters 5–7, and included an early version of adjusted model
offsets derived using age-sex standardisation. Model offsets were ultimately estimated by fixed-effects
logistic regression models to facilitate their parsimonious adjustment by a greater number of individual-level
variables collected by the 45 and Up Study baseline questionnaire (see chapter 3 section 3.3.5.1). As such,
the maps, effect estimates and model diagnostics presented in the following slides cannot be compared to
those reported in chapter 7 of this thesis.
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Obesity and Walkability in Sydney
• Research questions
1. Is risk of obesity geographically distributed in Sydney 
metropolitan region?
2. Is risk of obesity associated with area‐level walkability 
in Sydney metropolitan region?
• Design
• Geographical correlation study
• 2006 ABS Census Postal Areas
• Hierarchical Bayesian disease mapping framework
• Individual and area‐level adjustment
Prevalence and Exposure
Disease Mapping and Regression
• Besag, York and Mollié (1991) convolution model
• Smooths using local and global variance terms
• Relative risks for postal areas estimated using
log 𝑜௜ ൌ  𝛼 ൅𝛽ௐ஺௅௄஺஻ூ௅ூ்௒ ൅𝛽஽ூௌ஺஽௏ ൅𝑢௜ ൅𝑣௜ ൅ log 𝑒௜
𝑜௜ observed count of obese people in the ith postal area
𝑒௜ sum of the age‐sex adjusted predicted probabilities of being 
obese for individuals in the ith postal area estimated using log‐
binomial regression
𝛼, 𝛽 area‐level fixed effect parameters
𝑢௜ spatially structured random effect producing local smoothing
𝑣௜ unstructured random effect producing global smoothing
Relative Risks
Variance Components Effect Estimates and Diagnostics
Parameters Obese (N=87,763)
% RR (95% CI)
All persons 19.7
Disadvantage
Quartile 1 (High) 26.6 Reference
Quartile 2 23.4 0.96 (0.887–1.035)
Quartile 3 17.5 0.79 (0.727–0.863)
Quartile 4 (Low) 14.5 0.69 (0.620–0.763)
Walkability
Low 23.5 Reference
Medium 20.1 0.92 (0.854–0.999)
High 17.4 0.89 (0.803–0.976)
Very high 15.1 0.80 (0.708–0.908)
Diagnostics
No covariates Covariate adjusted ()
Deviance Information Criterion [DIC] 1600.48 1590.51 (‐9.97)
Uncorrelated variance [𝑣] 0.0109 0.0100 (‐7.8%)
Correlated variance [𝑢] 0.0897 0.0299 (‐66.7%)
Spatial fraction [𝑢 𝑢 ൅ 𝑣⁄ ] 0.89 0.75 (‐15.7%)
Summary
• Obesity risk is highly spatially structured in Sydney 
along a decreasing east‐west gradient
• 75% of unexplained variance in risk is attributable 
to unobserved spatially structured variables
• Obesity risk declines with increasing area‐level 
walkability
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Walk and Talk Beats Seated Meets
Source: Frost C. Walk and talk beats seated meets. The Daily Telegraph (Sydney). 2016 Jan 03:News:25.
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APPENDIX E
Availability of Australian Walk Score Data
Re: [Walk Score Research Pricing Request]: Darren Mayne at The University of Sydney
Aleisha Jacobson <aleisha@walkscore.com>
Tue 1/10/2019 1:47 AM
To:  dmay8519@uni.sydney.edu.au <dmay8519@uni.sydney.edu.au>
Hi Darren,
Thanks for contacting us. Walk Score is no longer supported in Australia so we are not able to
provide this data. 
Best,
Aleisha
On Sun, Sep 29, 2019 at 3:46 AM Darren Mayne <info@walkscore.com> wrote:
The Walk Score Pro Pricing Request.
Details:
Name:  Darren Mayne
Email:  dmay8519@uni.sydney.edu.au
Phone: +612419422623
Organization: The University of Sydney
Industry: Academic
Message:
Hi, I am looking at the feasibility of using Walk Score for public health research examining the
association between walkability and various health outcomes in Sydney, Australia. I am
interested in point-level data for approximately 125,000 residential addresses and area-level data
for about 5,000 spatial units. I was hoping you could provide me with information on the
availability of Walk Score data in Australia and its associated costs. Thanks, Darren Mayne.
396
